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Preface  
 

After completing my master’s degree, I was employed by Sydney Brenner Institute for Molecule 

Biosciences (SBIMB) and then by the National Institute for Occupational Health (NIOH). During my 

time at the NIOH, we did a statistical analysis on compensation of deceased miners for a mining 

company for workers that died after exposure to dust in the Gold and Coal mines. From this analysis 

on compensation of deceased miners, I developed an interest in exposure science and advanced 

biostatistics. I started to wonder what more can be done to reduce overexposure to coal dust. With the 

NIOH department, we consulted Prof Derk Brouwer who then gave me some documents to read 

alongside further literature search, to understand the current strategy of establishing HEGs and 

compliance testing in South Africa. Immediately we were able to identify gaps in the Department of 

mineral resources and energy (DMRE) guidelines where the constitution of homogenous exposure 

groups (HEG) tends to be done by common area and return aired intake where highly exposed workers 

or job titles are not considered as a single HEG. The DMRE's current guidelines and searches on 

international best practices form the backbone of this PhD study.  

In the study, chapter 1 is the background which covered the coal industry, coal dust mine lung disease 

(CMDLD) occupational exposure categories, grouping of workers in DMRE alongside international 

practices, and the assessment of homogeneity strategy both in the DMRE and elsewhere. In the literature 

review in chapter 2, we presented the prevalence of CMDLD, the application of Bayesian statistics in 

industrial hygiene, expert elicitation and its various protocols and applications. This is followed by the 

method section in chapter 3, where data collection and dust sampling methods were described, Bayesian 

statistical modelling was used to draw inferences from the data and sensitivity analysis was applied for 

the various parameter space. Chapter 4 is the results section. Chapter 5 covered the discussion section, 

strengths and limitations of the study, PhD study’s new knowledge, future recommendations and policy 

impact resulting from the PhD findings. Finally, in chapter 6, the key conclusions from the study were 

drawn.  
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Abstract 
 

Background: The world's largest energy source is coal with nearly 36% of all the fuel used to produce 

power. South Africa is the world's top exporter and the seventh-largest producer of coal. In the 

upcoming years, it is expected that South Africa's coal production output rate will rise. Coal mine dust 

lung disease (CMDLD) is an irreversible lung disease caused by the production of coal, the emission 

of dust, and prolonged exposure to the dust. When conducting safety evaluation, exposure is typically 

reported as an eight-hour time-weighted average dust concentration (TWA8h). In occupational 

exposure contexts, occupational exposure limits (OEL) are often used as a threshold where workers can 

be exposed repeatedly without adverse health effects. The workers are usually grouped into 

homogenous exposure groups (HEGs) or similar exposure groups (SEGs). In South Africa, a HEG is a 

group of coal miners who have had similar levels and patterns of exposure to respirable crystalline silica 

(RCS) dust in the workplace. Several statistical analysis methods for compliance testing and 

homogeneity assessment have been put into use internationally as well as in South Africa. The 

international consensus on occupational exposure analysis is based on guidelines from the American 

Industrial Hygiene Association (AIHA), the Committee of European Normalisation (CEN), and BOHS 

British and Dutch Occupational Hygiene Societies' guidelines (BOHS). These statistical approaches are 

based on Bayesian or frequentist statistics and consider the 90th percentile (P90) and 95th percentile 

(P95), with- and between-worker variances, and the lognormal distribution of the data. The current 

existing practices in South Africa could result in poor or incorrect risk and exposure control decision-

making.  

 

Study Aims: The study aimed to improve the identification of coal dust overexposure by introducing 

new methods for compliance (reduced dust exposure) and homogeneity (similar dust exposure level) 

assessment in the South African coal mining industry. 

Study Objectives: The objectives of this study were:  

1. To compare compliance of coal dust exposure by HEGs using DMRE-CoP approach and other 

global consensus methods.  

2. To investigate and compare the within-group exposure variation between HEGs and job titles. 

3. To determine the posterior probabilities of locating the exposure level in each of the OEL 

exposure categories by using the Bayesian framework with previous information from 

historical data and compare the findings and the DMRE-CoP approach.  

4. To investigate the difference in posterior probabilities of the P95 exposure being found in OEL 

exposure category between previous information acquired from the experts and the current 

information from the data using Bayesian analysis. . 
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Methods: The TWA(8h) respirable coal dust concentrations were obtained in a cross-sectional study 

with all participants being male underground coal mine workers. The occupational hygiene division of 

the mining company collected the data between 2009 and 2018. The data were collected according to 

the South African National Accreditation System (SANAS) standards. From the data, 28 HEGs with a 

total of 728 participants were included in this study.  

 

In objectives 1 and 2, all 728 participants from the 28 HEGs were included in the analysis. For exposure 

compliance, the DMRE-CoP accepts 10% exceedance of exposure above the OEL (P90 exposure values 

from HEGs should be below the OEL). The 10% exceedance was compared to the acceptability criterion 

from international consensus which uses 5% exceedance above the OEL (P95 exposure is below the 

OEL) of the lognormal exposure data. For exposure data to be regarded as homogenous, the DMRE-

CoP requires that the arithmetic mean (AM) and P90 must fall into the same DMRE-CoP OEL exposure 

category. The DMRE-CoP on assessment of homogeneity was also compared with the international 

approaches which include the Rappaport ratio (R-ratio) and the global geometric standard deviation 

(GSD). A GSD greater than 3 and an R-ratio greater than 2 would both indicate non-homogeneity of 

the exposure data of a HEG. The GSD and DMRE-CoP criteria were used to assess the homogeneity of 

job titles exposure within a HEG. 

 

In objective 3 a total of nine HEGs which have 243 participants, were included in the analysis. To 

investigate compliance, a Bayesian model was fitted with a Markov chain Monte Carlo (MCMC) 

simulation. A normal likelihood function with the GM and GSD from lognormal data was defined. The 

likelihood function was updated using informative prior derived as the GM and GSD with restricted 

bounds (parameter space) from the HEGs' historical data. The posterior probabilities of the P95 being 

located in each DMRE exposure band were produced and compared with the non-informative results 

and the DMRE approach DMRE-CoP using a point estimate inform of the 90 percentiles.  

 

In objective 4, a total of 10 job titles were analysed and selected. The selection of the job titles was 

based on if they have previous year's data so it can be used to develop prior information in the Bayesian 

model. The same job titles were found across different HEGs, so to ensure the mean is not different 

across HEGs, the median difference of a job title exposure distribution across HEGs was statistically 

compared using the Kruskal-Wallis test, a non-parametric alternative to analysis of variance (ANOVA). 

Job titles with statistically non-significant exposure differences were included in the analysis.  

Expert judgements about the probability of the P95 located in each of the DMRE exposure bands were 

elicited. The IDEA (Investigate", "Discuss", "Estimate" and "Aggregate) expert elicitation procedure 

was used to collect expert judgements. The SHELF tool was then used to produce the lognormal 

distribution of the expert judgements as GM and GSD to be used as informative prior. A similar 

Bayesian analysis approach as in objective 3 was used to produce the probability of the P95 falling in 
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each of the DMRE exposure bands. The possible misclassification of exposure arising from the use of 

bounds in the parameter space was tested in a sensitivity analysis.  

 

Results: There were 21 HEGs out of 28 in objectives 1 and 2 that were non-compliant with the OEL 

across all methods. According to the DMRE-CoP approach, compliance to the OEL, or exposure that 

is below the OEL, was observed for 7 HEGs. The DMRE-CoP and CEN both had1 HEG with exposures 

below the OEL. While the DMRE-CoP showed 6 homogeneous HEGs, however, based on the GSDs 

11 HEGs were homogeneous. The GSD and the DMRE-CoP agreed on homogeneity in exposures of 4 

(14%) HEGs. It was discovered that by grouping according to job titles, most of the job titles within 

non-homogenous HEGs were homogenous. Five job titles had AMs above their parent HEG. 

 

For objective 3, the application of the DMRE-CoP (P90) revealed that the exposure of one HEG is 

below the OEL, indicating compliance. However, no HEG has exposures below the OEL, according to 

the Bayesian framework. The posterior GSD of the Bayesian analysis from non-informative prior 

indicated a higher variability of exposure than the informative prior distribution from historical data. 

Results with a non-informative prior had slightly lower values of the P95 and wider 95% credible 

intervals (CrI) than those with an informative prior. All the posterior P95 findings from both non-

informative and informative prior distribution were classified in exposure control category 4 (i.e., 

poorly controlled since exceeding the OEL), with posterior probabilities in the informative approach 

slightly higher than in the non-informative approach.  

 

Job titles were selected as an alternative group to assess compliance in objective 4. The posterior GSD 

indicated lower variability of exposure from expert prior distribution than historical data prior 

distribution. The posterior P95 exposure was very likely (at least 98% probability) to be found in 

exposure control category 4 when using prior distribution from expert elicitation compared to the other 

Bayesian analysis approaches. The probabilities of the P95 from experts' judgements and historical data 

were similar. The non-informative prior generally showed a higher probability of finding the posterior 

P95 in lower exposure control categories than both experts and historical data prior distribution. The 

use of different parameter values to specify the bounds showed comparable results while the use of no 

parameter space at all put the posterior P95 in exposure category 4 with 100% probability. 

 

Conclusions: In comparison to other approaches, the DMRE-CoP tend to show that exposures are 

compliant more often. Overall, all methods show that the majority of HEGs were non-compliant. The 

HEGs that suggest non-homogeneity revealed that the constituent job titles were homogenous. 

Application of the GSD criterion indicated that HEGs are more likely to be considered as homogeneous 

than when using the DMRE-CoP approach. When using the GSD and the DMRE-CoP guidelines, 

alternative grouping by specific job titles showed a greater agreement of homogeneity. The use of job 
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titles showed that using HEGs following the DMRE-CoP current guidelines might not show high-

exposure job titles and would overestimate compliance. Additionally, since job titles within a HEG may 

be homogeneous or have a different exposure to the parent HEG, exposure variability is not properly 

recorded when using HEGs. In compliance assessment, it is important to use the P95 of the lognormal 

distribution rather than the DMRE-CoP approach that use the empirical P90. Our findings suggest that 

the subgrouping of exposure according to job titles within a HEG should be used in the retrospective 

assessment of exposure variability, and compliance with the OEL. 

 

Our results imply that the use of a Bayesian framework with informative prior from either historical or 

expert elicitation may confidently aid concise decision making on coal dust exposure risk. Contrary to 

informative prior distribution derived from historical data or expert elicitation, Bayesian analysis using 

the non-informative uniform prior distribution places HEGs in lower exposure categories. Results from 

noninformative prior distributions typically show high levels of uncertainty and variability, so a 

decision on dust control would be reached with less confidence. The Bayesian framework should be 

used in the assessment of coal mining dust exposure along with prior knowledge from historical data or 

professional judgment, according to this study. For exposure, findings are to be reported with high 

confidence and for sound decisions to be reached about risk mitigation, an exposure risk assessment 

should be considered while using historical data to update the current data. The study also promotes the 

use of experts in situations where it is necessary to combine current data with historical data, but the 

historical data is unavailable or inapplicable. 

 

Keywords: occupational exposure limit; Bayesian framework; non-informative prior; informative 

prior; 90th percentile; 95th percentile; South African Coal Mining Industry.  
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CHAPTER 1: BACKGROUND 
 

In this chapter, the background on the coal industry globally and in South Africa, coal mine dust lung 

disease (CMDLD) and the main context of this PhD study were presented. The background also 

discussed the occupational exposure limit (OEL) and control categories, the constitution or grouping of 

homogenous exposure groups (HEG) using guidelines from the Department of Mineral Resources and 

Energy Code of Practice (DMRE-CoP). Information on compliance testing and homogeneity of 

exposure assessment in the DMRE-CoP and international consensus were also introduced. From the 

international consensus, the general concepts of Bayesian framework for analysis of overexposures in 

industrial hygiene was explored. Finally, the problem statement, study rationale, aims and objectives of 

this PhD thesis were presented.  
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1.1. Coal 
 

Coal refers to flammable, carbon-like, sedimentary rocks containing carbon and hydrogen.1, 2 Figure 1 

depicts the coal feature.3 Calorific value, ash, moisture, and sulphur are the four main characteristics 

that are found in coal. Bituminous coal makes up the majority, with only a trace percentage of anthracite 

and silica.4 Anthracite, bituminous, black lignite, and lignite peat are the four subcategories of coal.5 

Coal have a higher combustibility because of free radicals.6 Coal dust is produced during coal mining 

operations. Dust is defined as tiny “dry particles emitted into the air by natural forces, such as wind, 

and by mechanical operations, such as grinding, crushing, and drilling”.7 In the coal mine, these 

mechanical tasks are often performed. 

 

 

Figure 1. An open-cast coal mine. Source: https://aidc.org.za/8160-2/  
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1.1.1. Global Coal Industry  
 

A quarter of the world's energy comes from coal. Countries such as China, the USA, and India together 

account for 70% of global coal energy consumption.8  Global coal consumption is predicted to increase 

by 2040 at a rate of 1.5% annually.9  China produces the most coal globally, followed by India, the USA, 

and Indonesia.8,9 Some countries have taken steps to decrease coal production but it is expected that 

annual growth in coal production will average 2.3%, reaching an estimated 8.8 billion metric tons by 

2025.10  In year 2019, about 36% of the total fuel used to produce electricity around the world came 

from coal.11 
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1.1.2. South African Coal Industry  
 

In year 2022, the seventh largest producer of coal in the world is South Africa. The South African coal 

industry had 92,230 employees in year 2019, up from 86,647 in 2018, or 19% of all mining industry 

jobs.12 The South African annual coal production is estimated to be 258.9 million tons.12  The majority 

of the coal deposits in South Africa have shallow, thick seams, making mining them simpler and less 

expensive. Given the current rate of production, there should be enough coal for another 50 years.12, 13 

In South Africa, coal mining takes different forms. These activities primarily employ the longwall 

excavation and pillar method, and they are both opencast (49%) and underground (51%).13 Figure 3 

shows an example of underground coal mining in South Africa.14 In other words, it is either underground 

mining or surface mining, with depths typically not exceeding 300 meters.4 South Africa's coal mine 

fields are primarily found in the provinces of Mpumalanga, Limpopo, and KwaZulu-Natal.15 There are 

currently 19 coalfields in the country. Many of these coalfields are in the two provinces of Limpopo 

and Mpumalanga, with a small number also in KwaZulu-Natal and the Free State. 

 

The coal mining sector supplies more than 70% of the nation's energy needs.15  South Africa still lacks 

an alternative to coal to produce energy, despite other countries like India and the US developing 

alternative sources of energy. As a result, there will still be a long-term reliance on coal. The South 

African chemical and steel industries both rely heavily on coal.  
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Figure 2. A South African map showing the distribution of coal fields. Source: 

http://www.southafricanmi.com/south-africa-mining-production-17jul2018.html. 

 

 

Figure 3. South African underground coal mining.  

Source: https://www.southafricanmi.com/south-africa-mining-production-17jul2018.html 
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1.1.3. Coal Mine Dust Lung Disease 

According to the MHSA, a person involved in risk assessment must be familiar with the epidemiology 

of occupational lung diseases among mine workers.4 This is important so that regular checks, treatment, 

and compensation for those who died or are unable to work can be provided. The Occupational Diseases 

in Mines and Workers Act (ODMWA) and the Compensation for Occupational Injuries and Diseases 

Act (COIDA) are the two acts that are used by the MHSA to cover compensation for occupational 

diseases.4 Inhaling respirable coal dust increases the risk of getting coal mine dust lung disease 

(CMDLD), also known as coal worker's pneumoconiosis (CWP).16,17 The CWP poses a serious threat 

to coalmine workers. Inhaling respirable dust, which is typically less than 10 μm in size D50 = 4 μm 

and invisible in ambient light, damages the lungs. The accumulation of dust particles in the lung can 

result in tissue inflammation and scarring.18 The pathogenesis gradually manifests until it becomes 

irreversible when the lung is damaged. A well-known occupational health risk, respirable crystalline 

silica (RCS), is found as quartz in underground coal mines and can lead to silicosis, progressive massive 

fibrosis, and other silica dust-related diseases.19, 20 

According to the International Labor Office Classification of Pneumoconiosis, CWP is defined as small 

opacities seen on chest radiographic film either as a profusion of 1/0 or a large opacity.21 Soutar et al, 

199322 reported that CWP poses a serious threat to the lives of coal mine workers in underdeveloped 

countries. The risk of developing CWP due to excessive coal dust exposure over the course of a worker's 

career depends on various work activities, as shown by Attfield & Seixas23. In the coal mining industry, 

work activities produce dust; these are attributable to poor organization or a lack of adequate exposure 

control for coal and other dust. Inadequate methods for removing coal, poor transportation networks, 

and coal spills, are a few of the activities.24 The other mine conditions may include the generation of 

quartz dust, from the rock strata with thin seams; other coal seam-generated products; and the use of 

rock dusting products, e.g., limestone, to reduce explosions.25, 26 All of these products are found in coal 

dust, which is produced during coal mining activities.  
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1.1.4. Occupational Exposure Control Categories 

The Mine Health Safety Act (MHSA) 29 of year 1996 and the Occupational Health and Safety Act are 

both enforced by the South African Department of Minerals and Energy and Labour. These rules are in 

place for workplace health and safety in factories, offices, and mines.4 In risk assessment, the DMRE-

CoP requires that mining companies conduct regular risk assessments to identify potential hazards and 

assess the risk associated with these hazards. The DMRE-CoP also requires that mining companies 

provide appropriate PPE to workers to protect them from potential. To know that the DMRE-CoP 

measures are working, the occupational exposure limit (OEL) was imposed on all mine workers. The 

OEL refers to the amount of exposure to any potentially hazardous substance that should not have any 

negative effects on a worker's health in their working lifetime. In South Africa, the OEL for coal dust 

is 2 mg/m3. The exposure of an individual to dust is defined as an eight-hour time-weighted average 

(TWA8h). The exposure of groups can also be categorized into four exposure categories, as a fraction 

of the OEL.4,27 Table 1 lists the categories for exposure control groups and the sampling method for 

homogenous exposure groups (HEGs) in the DMRE-CoP.27,28    

 

Table 1. The exposure classification categories and the sampling strategy in the DMRE-CoP27, 29 
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1.1.5. Grouping of Workers  

In grouping of mine workers for surveillance or checking of similar exposure profiles, the constitution 

of HEGs is regarded as a key factor. The grouping of workers is important because only a small sample 

of workers can be used to find the exposures of the remaining workers since they will be assumed to be 

similar exposure.  

In the DMRE-CoP, the HEGs are defined as a group of workers whose exposures to harmful agents 

have been proven to be statistically similar enough in such a way that by monitoring a small number of 

workers, the exposure profile of the remaining workers can be defined.27 The exposures within a HEG 

should be sufficiently comparable that assessing the exposure yields information that can be used to 

forecast exposures for all other workers belonging to that HEG. A sample of HEG and its individual 

job titles are shown in Table 2 and the coal dust data capture sheet in Appendix A. Section 12 (3) of the 

MHSA requires ongoing evaluation of the medical surveillance database and occupational hygiene. In 

the DMRE- CoP, the HEGs in the underground area are created using a step-by-step procedure where 

the first step is to divide the mine into small areas with common air and return intake. In step two, the 

area is then divided into activity areas.27,29 The exposures of job titles are not considered at this point. 

 

Table 2. Example of subdivision of HEGs in DMRE-CoP  

 

 

Other countries employ the approach of similar exposure groups (SEGs) to appropriately define workers 

with similar exposure profiles and sample a group of workers for occupational safety and health 

assessments. SEGs are defined by job titles or tasks, task-specific exposure profiles, workforce 

experience, exposure duration and location, and equipment used.30, 31 One major benefit of SEG is that 

it avoids the need to individually assess each worker by finding the extent of exposure risk to which 

each worker is likely to be exposed. According to Resources Safety and Health, 202232, a representative 

sample is likely to provide an estimate for the remaining workers in a SEG.  
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The American Industrial Hygiene Association (AHIA) guidelines have criteria for establishing SEGs.33 

These criteria include the observational approach which is based on processes, jobs, tasks and the 

environmental agents presented in Table 3. Secondly on sampling approach include monitoring to 

redefine groups. In the observational approach, workers will be assigned based on activities they 

perform, and personal judgement based on their expected similarity in the exposures of interest. 

Workers are divided into subgroups based on the hygienist's qualitative judgement of the work area. A 

basic definition of environmental agents is considered, for example, chemicals, by-products, products, 

biological agents etc. These environmental agents are combined with task duration and time on the 

production before linking to a SEG. So generally, the work is divided into processes, then processes are 

subdivided into jobs or specific tasks, and workers are identified and grouped into a SEG. Details on 

the observational process of establishing SEG are available in the AIHA Strat Monography 4th edition.33  

 

Table 3. Description of observational approach in AHIA.  

 

The second approach used by the AHIA is by sampling where the environmental agents and workers 

that can potentially be exposed to the agents are identified, and then the monitoring data are collected 

and used to group workers into SEG through some statistical techniques.34,35 Details on establishing 

SEG based on sampling are further discussed in section 1.1.8 on the international consensus on 

homogeneity.  

 

The British and Dutch occupational hygiene societies (BOHS-NVvA)36 guidelines and European 

standards (CEN)37 on establishing SEG are like that of the AHIA. Grouping workers into SEG will 

require three factors to consider, namely, the materials, the processes and the way of doing the work 

activity. Workers performing different tasks in different work shifts must be allocated to more than one 

SEG. The BOHS-NVvA also emphasises that if workers are doing the same task but an individual 

worker is doing it in different ways or methods, they should be grouped in different SEG. The guidelines 

also require that when measurement samples are available, the homogeneity of the SEG can be 

statistically assessed, details about this are described in section 1.5.  
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1.1.6. Compliance Testing and Homogeneity in the DMRE-COP 
 

The Mine Health and Safety Act (MHSA) of year 1996 required mines to implement health and safety 

management procedures, including workplace exposure risk assessment and medical surveillance, to 

make ensure the health and safety of the workers are considered.29 It requires that 5% or a sample size 

of five workers are taken from each HEG whichever is higher, for exposure assessment. The DMRE-

CoP guidance states that for a HEG to be certified as homogenous, the arithmetic mean (AM) and the 

90th percentile (P90) of the exposure data should fall in the same exposure category that is associated 

with the OEL.29 The DMRE-CoP approach and other approaches are summarized in Table 3. The 

current DMRE-CoP approach for compliance testing assumes that exposure samples have a normal 

distribution and that the P90 of the exposure should be below the OEL. According to this standard, a 

10% overexposure above the OEL is considered acceptable. 

 

1.1.7. International Consensus on Compliance Assessment  
 

Exposure assessments are important to understand health risks and to document exposure patterns. The 

BOHS-NVvA guidelines test compliance with an 8-hour OEL airborne agent or aerosols. The 

guidelines assume that occupational exposure data follows lognormal distribution. The lognormal 

distribution refers to the continuous distribution of a variable that is skewed to the right or has a long 

tail (see Figure 4). The lognormal distribution is widely used in occupational exposure assessments and 

in non-occupational settings. In lognormal distribution, the logarithm of a random variable is normally 

distributed.38, 39 Therefore, if the exposure has a lognormal distribution, then Y =  log(x) will be said 

to have a normal distribution. Data that have lognormal distribution take only non-negative values. 
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Figure 4. The example of the lognormal distribution. Source: https://towardsdatascience.com/log-normal-

distribution-a-simple-explanation-7605864fb67c 

The probability density function is defined by the mean µ and the variance 𝜎 where exposure x >0. In 

occupational hygiene exposure assessment, exposures are assumed to be always greater than 0. In other 

words, there is always some quantity of exposure even if it is below the limit of detection or 

quantification. The probability density function is given by the equation:  

f(x) =
1

xσ√2π
e

−1
2

(log(x)−μ
σ

)
2

 

Where μ is the geometric mean (GM) which is the mean of the log-transformed data x, and 𝜎 is the 

geometric standard deviation (GSD), which is the standard deviation of the log-transformed data. The 

distribution is skewed due to the variability of exposure data. Based on the common variability of 

industrial hygiene data, the lognormal distribution assumption has gained widespread acceptance. 

 

According to AHIA33 and BOHS-NVvA36 guidelines, each SEG must have at least six samples that can 

be used to decide whether less than 5% of exposures exceed the OEL. The SEG upper 99, 95 or 90th 

percentiles of exposure are selected to compare to the OEL to confirm a minimal exposure risk. Since 

there can be a high degree of uncertainty in exposure assessment, comparing the percentiles to the OEL 

should be accompanied by a degree of certainty. Uncertainty is the confidence level of making sure that 

the exposure level is indeed above or below the OEL. For example, whether there is a 95% certainty 

(confidence) that the 95th percentile (P95) value is below the OEL. The P95 of the exposure data must 

be below the OEL to certify that the exposure is under control or acceptable. According to the AHIA, 
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BOHS-NVvA guidelines and the European Committee for Standardization (CEN). The P95 of the 

exposure below the OEL means that a 5% exceedance of the OEL is acceptable.36, 37 Figure 5 below 

shows occupational exposure assessment procedures employed by the BOHS-NVvA guidelines. In the 

first step, SEG is established (details in section 1.3 above). In the second step, a total of 3 samples are 

randomly selected from the SEG for compliance testing. If the exposures are above the OEL, another 6 

samples are taken from the same workers for further compliance testing. A total of 9 or more samples 

are recommended to establish uncertainty of exposure against the OEL. The uncertainty is based on 

70% confidence that there is less than a 5% probability of the exposure being greater than OEL.37 

Furthermore, individual compliance can be conducted to see if there is less than 20% probability that 

5% of the exposure is above the OEL. Exposures above the OEL should warrant further control 

measures. Uncertainty is discussed in addition to this acceptability criterion of 5% exceedances of the 

OEL. The BOHS-NVvA guidelines and CEN recommends that the probability of the exposure being 

above the OEL should be less than 30%.36, 27 The probability should be at most 30%, that 5% of the 

exposures are above the OEL.36, 37Additionally, according to the AIHA, there should be less than 5% 

probability, that the actual P95 of the exposure is above the OEL.22 The AHIA compliance testing is 

also similar to that of the BOHS-NVvA, which starts with data collection, data analysis, and data 

interpretation.  
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1.1.8. International Consensus on Homogeneity Assessment 
 

The DMRE-Cop approach of homogeneity assessment is different from that of the AIHA, CEN, and 

BOHS-NVvA recommendations. The approach used in these guidelines to prospectively define SEG or 

HEGs (in the South African context) is predicated on the idea that grouping workers who perform 

related tasks would lead to similar exposure profiles. There are several methods for assessing the 

homogeneity of HEG or SEG. The analysis of variance (ANOVA)40 is used by the AIHA and BOHS-

NVvA to assess homogeneity.41, 42   

 

The ANOVA is used to compare the exposure means of more than two groups of the population. For 

example, the mean of exposures per SEG, year or work shift. The ANOVA analysis is commonly used 

in log-transformed exposure data to compare their mean distribution. As stated earlier lognormal data 

produce the GM and GSD of the data, the GM is the parameter of interest compared between the groups. 

The analysis consists of the between-worker variation (differences of exposure between two groups) 

and the within-worker variation (differences of exposure arising from repeated measurements within 

one group).37, 41 If the exposure profiles between-worker and within-worker are similar, the probability 

of observing a difference will be more than the p-value = 0.05.40 If the p-value is less than 0.05, then 

the GM of exposure between the groups are different. The between-worker GSD (GSDb) and within-

worker GSD (GSDw) can also be calculated, where GSDb is the overall variability of exposure and 

GSDw is the individual exposure variability.41,42  

 

Table 4 shows the various methods used in this study for assessing homogeneity and compliance 

testing.29,36,37 The total variation of exposure in SEG is composed of individual exposure variation. 

Therefore, if the between-worker variation is greater or equal to 20% of the total variation, individual 

worker compliance is encouraged. The individual compliance test of exposure against the OEL will be 

passed if the between-worker variability is less than 20% of the total variance. Therefore, within-worker 

variation of more than 0.2 (20%) would show that the group is not homogeneous, per the BOHS 

guideline. The Rappaport ratio (R ratio), which displays the ratio of the highest exposed worker to the 

lowest exposed worker, is another indicator of homogeneity. It has been proposed that a ratio of two or 

less defines a homogeneous exposure distribution. The R-ratio is also defined as the "ratio of the 97.5th 

to the 2.5th percentiles of the distribution of individual AM." Another indicator of homogeneity is the 

global geometric standard deviation (GSD). A HEG or SEG exposure may not be homogeneous if the 

global GSD is greater than three.37 
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Table 4. The methods used to assess compliance and homogeneity. 
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1.2. Study rationale  
 

The coal mine dust lung disease, an irreversible lung disease, is more likely to affect coal mine workers 

as they get exposed to coal dust. The risk of getting CMDLD is increased by exposures above the OEL. 

There are no established standard therapy modalities or illness management procedures for CMDLD, 

and the condition cannot be cured. Due to various methods of defining the constitution of HEGs, which 

can be overly heterogeneous, it is now more challenging to distinguish between under and overexposed 

workers. In addition, the DMRE approach uses frequentist statistics for each new set of monitoring data 

separately, without likelihood estimation to derive the posterior distribution. 

 

In the coal mining industry, there has not been a full discussion of the need for an evidence-based 

assessment of exposure levels and the creation of frameworks to improve the way decisions are made 

about occupational hygiene exposure. Exposure levels must be considered to find workers who are most 

at risk and improve prevention plans that are already in place. The DMRE-CoP methods do not consider 

the uncertainty surrounding the P90 and simply assert that the P90 of the present exposure data should 

be below the OEL to certify compliance with the exposure. In the Bayesian framework, uncertainty 

about a parameter is shown by the credible interval. For instance, the credible interval refers to the 

probability that an estimate will be found inside a specific range. Bayesian statistics naturally allows a 

prior distribution derived from the common population distribution.  

 

Several methods can improve the constitution of HEGs and compliance testing. These methods also 

consider variability and distribution of exposure data. In this PhD, the various methods that are used in 

other countries are compared with the current DMRE-CoP to develop, to improve procedures for 

constituting HEGs, and recommend compliance assessment tools for the coal mining industry. 
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1.2.1. Study question, aims and objectives  
 

The research question: Can refined grouping and compliance testing using the BHF improve the 

identification of highly exposed workers compared to the current DMRE-CoP? 

 

The study aimed to improve the identification of coal dust overexposure by introducing new methods 

for compliance (reduced dust exposure) and homogeneity (similar dust exposure level) assessment in 

the South African coal mining industry. 

 

The specific objectives of the study were the following: 

 

1. To compare compliance of coal dust exposure by HEGs using DMRE-CoP approach and other 

global consensus methods.  

2. To investigate and compare the within-group exposure variation between HEGs and job titles. 

3. To determine the posterior probabilities of locating the exposure level in each of the OEL 

exposure categories by using the Bayesian framework with previous information from 

historical data and compare the findings and the DMRE-CoP approach.  

4. To investigate the difference in posterior probabilities of the P95 exposure being found in OEL 

exposure category between previous information acquired from the experts and the current 

information from the data using Bayesian analysis.  
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CHAPTER 2: LITERATURE REVIEW 
 

2.1. Prevalence of Coal Mine Lung Disease in the World 
 

The National Institute for Occupational Safety and Health (NOISH) of the Centre for Disease Control 

(CDC) reports that from year 1970 to 2016 in the United States, coal worker's pneumoconiosis (CWP) 

affected the lives of 75,178 miners, killing 4,118.43 In countries with weak control procedures for 

exposure to coal dust, the death rate from Coal Mine Dust Lung Disease (CMDLD) among coal mine 

workers has increased. The onset of CMDLD was linked to greater death rates, according to a Polish 

study, with a standardized mortality ratio (SMR) of 383.44 Similar studies from China and the 

Netherlands discovered that there was a higher risk of death and an SMR of 4,523 when 89% and 89% 

of the workers were diagnosed with CMDLD, respectively.45, 46 The amount of time spent at coal mining 

sites and the work activities may have cumulatively harmful effects that result in developing CMDLD.47 

According to empirical data by Torres et al, 201448 , those who have worked in the coal industry for at 

least 25 years are four times more likely to get a radiological diagnosis of CMDLD. 

 

2.1.1. Prevalence and Incidence of Coal Mine Lung Disease in South Africa  
 

The epidemiology of CWP has received little attention. In recent years, there has been a sharp decline 

in CWP certification.49 According to the information that is currently available, there were 25 cases of 

CWP per 1,000 coal mine workers in South Africa.49 According to a recent radiological report in the 

province of KwaZulu-Natal, 15% of 187 workers with more than 5 years of experience had CWP.50 

Among young workers, CWP was discovered to be positively associated with number of years of work. 

An X-ray report showed that the prevalence of CWP varied from 1.8 to 4.2% in another study. The 

incidence of CWP increased as exposure to coal dust increased, which increased with years of 

employment. According to autopsy data, CWP was 7.3% compared to 10.8% for silicosis, both of which 

show an association with increased exposure years. The average number of years of work of 

employment for coal miners in South Africa is about 17 years.51 Given the number of years of exposure, 

there may be a significant risk of developing CMDLD among work. From a study done in KwaZulu-

Natal, the number of years of work was positively associated with the prevalence of CMDLD.52 In 

another study, cumulative dust exposure increased the probability of developing CMLD. The data that 

is currently available from the Mine Health and Safety Council (MHSC) revealed that between 100 and 

190 people per 1,000 workers in South Africa were estimated to have CMDLD in year 2005.49 

 



 
 

19 
 

2.1.2. Application of Bayesian Framework in Occupational Hygiene  
 

Bayesian statistics is a type of statistical inference based on Bayes’ Theorem. Bayes’ Theorem is the 

conditional probability of an event given the data and the prior information.53, 54 Bayesian statistical 

analysis methods have become very popular in scientific research and have been widely used in 

industrial hygiene for exposure assessment.55, 56 Bayesian statistics have been used to determine the 

likely AHIA exposure control category from a SEG by Hewett et al, 200657. The AHIA proposed that 

the Bayesian approach in which a judgment can be used to estimate the probability that the true exposure 

will be found within one of the exposure control categories is important in occupational risk assessment. 

To obtain the posterior probabilities in each of the exposure categories, the current monitoring data or 

measurements are combined with prior information from historical data or expert judgements in a 

Bayesian framework. Using an informative prior distribution derived from either historical data or 

expert judgements of exposure through elicitation can reduce the uncertainty of an estimate. Further 

details on expert elicitation are covered in section 2.1.3. While approaches in the DMRE guidelines and 

other Bayesian approaches use point estimates like mean, median, and P90, the Bayesian method 

available in the AHIA guideline estimates the probabilities of the P95 of an exposure falling in each 

AHIA exposure control category. This method is called the Bayesian Decision Analysis (BDA). Figure 

6 below illustrates the decision charts from the BDA. The prior decision chart has the previous 

information from expert judgements or historical data which indicate that the P95 from a SEG falls or 

is rated in one of the AHIA exposure controls categories. When expert judgements or historical data are 

unavailable, a non-informative prior can be developed to give an equal probability of the exposure being 

located in each exposure control category. The likelihood functions based on monitoring data are 

calculated as described in the BDA. Finally, the posterior is the probability of the P95 being found in 

each exposure category after combining the prior and the likelihood function in a Bayesian framework.57  
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Figure 6. Prior, likelihood and posterior decision charts for industrial hygiene from the BDA.57  

 

The main advantage of Bayesian statistical analysis in occupational hygiene is its ability to combine 

information from experts in the industry with a small number of measurements and still produce results 

that are conditional on the data, and exact while naturally allowing solid decision-making framework.58 

Classical statistics make the unrealistic assumption that the GM and GSD can be any value, no matter 

how big or physically impossible it can be. In occupational hygiene, the Bayesian framework, on the 

other hand, gives the flexibility to limit the analysis to a reasonable parameter space. In the Bayesian 

estimation of industrial hygiene data, a suitable range of values for GM, GSD, and the P95 can be set. 

The Bayesian results are also simple to interpret and communicate, even for non-statisticians. For 

example, there is a greater than 95% chance that the exposure profile falls into category 4, implying 

that the exposure for SEG or HEG in our case is unacceptable. This is much easier to communicate than 

saying the point estimate is in category 3 and the confidence limits are in another category, making it 

difficult to find whether exposures are acceptable or not. The ability of Bayesian statistics to incorporate 

prior information from expert judgments into a model with current monitoring data is valuable, in the 

absence of historical data. It is important to include this information in exposure assessments because 

earlier exposure and exposure control measures influences future exposures among mine workers.  

 

The Bayesian framework may show improvements in worker classification based on occupational 

exposure categories. Through probabilistic theory, an online Bayesian computation tool called 
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EXPOSTATS59 available at https://expostats.ca/site/en/index.html is used to perform occupational 

exposure compliance assessment. Other tools that can be used to perform occupation hygiene risk 

assessment are AltrexChimie60, HYGINIST61, IHDataAnalyst62, BW_Stat v363, and IHSTAT.64 Some 

of these tools are in Excel worksheets while others are web-based and freely downloadable. The 

IHSTAT was specifically developed for performing BDA in the AIHA.  
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2.1.3. Expert elicitation 
 

Expert elicitation is the process of synthesizing experts' subjective judgements, opinions or beliefs about 

an unknown quantity of exposure.65 Experts elicitation is conducted when there is uncertainty resulting 

from a lack of data or inadequate data about the quantity of interest. Based on their experience, 

expertise, insight, and knowledge about the exposure in a job title, experts are expected to give advice 

or opinions about the exposure. In the Bayesian context, expert judgements are mainly used to generate 

prior information or distribution about the unknown parameter of interest. The prior distribution is then 

combined with the current monitoring data to establish exposure compliance. The first thing in 

conducting elicitation is selecting the experts and providing training, secondly, carrying out the 

elicitation by getting expert judgements about the exposure, thirdly, a probability distribution such as 

the lognormal is fitted to the results provided by the experts, and lastly, assessing the quality, reliability, 

and truthfulness of the elicitation.66, 67  

 

The most common expert elicitation is when multiple experts are engaged and then a single probability 

distribution is fitted to get their combined judgements. Aggregating their knowledge may involve two 

methods. One is the mathematical aggregation where separate judgments are combined using a 

mathematical formula also called the pooling rule. Such an example of aggregation can be a simple 

average or weighted average of the experts' judgements. Another method is behavioural aggregation 

where experts in a group are asked to discuss their knowledge and experiences about the uncertain 

quantity of interest and come up with a consensus or a final agreed result.67, 68 

Few elicitation protocols exist. The cooke protocol uses a mathematical aggregation where experts 

make judgements about the unknown quantity of interest which is known to the facilitator, and this is 

compared.69 Cooke's classical method has been applied in North America with the Great Lakes 

fisheries70 and prediction in the rise of sea level and ice melt.71 The Sheffield protocol which has the 

SHELF (Sheffield Elicitation Framework) that employs behavioural aggregation is an online tool 

(https://shelf.sites.sheffield.ac.uk/) freely available for conducting elicitation.72 The SHELF has been 

used in drug development73 and in understanding response to ASD symptoms.74 Another protocol is 

the Delphi technique used previously only for forecasting.75 Recently the DELPH tool is also used for 

eliciting judgments from experts. 76 The Delph method employs both mathematical and behavioural 

aggregation. Another protocol used for structured expert elicitation is the IDEA.77 The IDEA protocol 

(Investigate, Discuss, Estimate, and Aggregate). The IDEA protocol has been applied in studies. The 

US Intelligence Advanced Research Projects Activity assessed the protocol in public health, ecology, 

and conservation studies.78,79 

https://shelf.sites.sheffield.ac.uk/
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2.1.4. Conceptual Framework  

 

The current way of defining HEGs and the analysis methods employed by the DMRE-CoP for 

evaluating homogeneity and compliance to the OEL served as the motivation for this PhD research 

conceptual framework. The research offered an alternative way of constituting HEGs and methods for 

exposure compliance assessment. Figure 7 presents the current definition of HEGs by the DMRE-CoP. 

HEG is grouped by a common area and air intake in the DMRE-CoP, regardless of different job titles 

or labour activities. Underestimating or overestimating the risk of exposure could result from how 

HEGs are grouped by DMRE-CoP. In this PhD study, it is suggested that HEGs should be classified 

according to certain job titles because they have a common work activity and exposure. It is easier to 

detect highly exposed workers with job titles as an alternative group. The DMRE-CoP does not take 

historical data into account for assessing exposure risk. In this study, historical data are used to update 

the current data in a Bayesian framework to find the probability of exposure for each exposure category. 

The robustness of Bayesian statistics, which can give results even with a small sample size, makes it 

essential to apply them. Since there are thousands of workers in the mining business, sampling every 

one of them would be impractical and expensive. However, a small sample with the right definition of 

HEGs should be able to provide representative data, allowing for solid decision making.  

 

 

Figure 7. A conceptual framework, illustrating the DMRE’s current definition of HEGs and the intended 

definition, and Bayesian analysis for compliance assessment. 
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CHAPTER 3: METHODOLOGY 
 

3.1. Study Design and Population 
 

The study included a cross-sectional collection of measurements of workers' exposure to respirable coal 

mine dust in South African underground coal mines from 2009 to 2018. Data on the exposure to 

respirable coal dust were periodically gathered from the mines' various geographic sites. Since all the 

workers in the coal mine were men, only male labourers were included in this study. The coal mining 

company's occupational hygiene division gathered the information. The survey included workers from 

28 HEGs. Within each HEG, there were many job titles. A sample selection was done under DMRE-

CoP.29 

 

3.1.1. Data Collection 
 

Sampling was done by using a stratified and random method to select 5% of the workers from a HEG.29 

The exposure data collections follow South African National Accreditation System (SANAS) standards. 

Each selected employee was given a dust sampling pump, which was mounted on their belt and 

controlled at a flow rate of 2.2 l/min. The calibration was done both before and after sampling to ensure 

quality assurance. If there was a concentration difference of more than 5% between the time before and 

after sampling, the sample was rejected. If the coal dust concentration was too high or if workers were 

not working on the day, more samples were dropped. The average flow rate before and after sampling 

was 2.24 L/min. If a sampling period was less than 80% of a 12-hour shift, then data was excluded from 

this analysis in this study.  

 

The size-selective cyclone, which was based on the Higgins Dewell (HD) Cyclone model, was equipped 

with a mixed cellulose ester (MCE) filter. The HD cyclone is an American model that work at 2.2 lines 

per minute to give 50% cut at 4 µm per the specified distribution curve. The cyclone is typically used 

to remove the coarse or non-respirable dust from the sampled air before collecting the respirable dust 

on a filter substrate. A cyclone was placed in each worker's breathing zone on the collar to measure the 

amount of respirable dust they would be exposed to. The cyclone's filter was then sampled and 

gravimetrically analysed using NIOSH procedure 0600.80 The gravimetric sampler was created because 

of the Federal Coal Mine Health and Safety Act of 1969, which requires compliance dust sampling.81 

To obtain the eight-hour time weight average dust concentration (TWA8h) concentration expressed in 

mg/m3, the gravimetrically calculated coal dust mass (mg) was translated to a 480-minute sample time. 

The TWA8h concentration refers to the time-weighted average concentration of a substance over an 8-

hour work shift. It is a commonly used measure in occupational health and safety to assess worker 

exposure to potentially harmful substances in the workplace. The TWA8h concentration is calculated 



 
 

25 
 

by taking the average concentration of a substance over an 8-hour period, weighted by the amount of 

time workers are exposed to that concentration. This means that short-term exposures at high 

concentrations are balanced against longer-term exposures at lower concentrations. Each HEG was 

unique to a single mine or area. Different job titles were present in a particular HEG. 
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3.1.2. Selection of Experts 

An invitation was sent via email, to experts within the coal industry. The experts included general 

managers, mine ventilation engineers, occupational hygienists, mining engineers, and geologists. 

Before collecting experts' opinions on exposure based on their past experiences, experts were trained 

on uncertainty based on their lowest and highest judges if not sure, the P95, and a summary of the tasks 

that needed to be done. The experts were provided with a description of each job title and shown an 

example of how to answer the probability of exposure to each DMRE-CoP exposure group to acquaint 

themselves with the elicitation questionnaire (see Appendix F and G). If an expert became confused or 

lost during the elicitation process, they were free to consult at any time. A sample size of at least six or 

more experts is required to conduct elicitation.82 Eventually, six experts took part in this study.  

3.1.3. Experts Elicitation Process 

In this study, the IDEA structured expert elicitation protocol was employed to collect data from 

experts.77 The IDEA protocol was modified in a way that experts were not allowed to share their 

individual opinions. The benefit of the modifying the IDEA protocol was that it stops experts from 

dominating the conversation and potentially skewing the verdict in favour of just one expert. The 

background information on experts is the first step in the IDEA protocol, which is then followed by an 

investigation in which experts are asked to individually respond to questions and justify their responses. 

An expert is shown anonymous responses from each participant during the discussion to settle 

conflicting understandings of the questions. The second and final estimates from each expert are 

obtained. The data are aggregated throughout the post-elicitation phase, and the mean of the second 

round of expert responses is calculated.  

The IDEA protocol has the benefit of minimizing bias brought on by overconfidence, availability, and 

representativeness. A group of professionals were invited to take part in the investigation. The experts 

were granted time to study the questions before providing their judgement. Expert elicitation was 

conducted online. Appendix E shows the structured questionnaire used for eliciting expert judgements. 

In the four-step process, the credible intervals were the minimum and maximum percentage of the P95 

exposure falling in each of the DMRE exposure category. These ranges were standardised using linear 

extrapolation.78,79 

The minimum standardised percentage: B-((B-L) X (S/C)) 

The maximum standardised percentage: B+((U-B) X(S/C)) 

 

Where B = the best guess, L = is the minimum percentage, U = is the maximum percentage, S = is the 

level of credible intervals to be standardised, and C = is the level of confidence (how sure is the expert?). 
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The responses were standardised to decrease overconfidence. A joint probability distribution was then 

created by combining the experts' opinions.  

 

3.1.4. Data Management  

To ensure consistency, data were double entered during the first data collection. Data cleaning was done 

including checking for duplicates and outliers. Following guidelines in the DMRE-CoP, extreme values 

above 10 mg/m3 and duplicate data were removed. The data set did not have any missing values.  

3.1.5. Ethical Consideration 

 

For ethical considerations, the coal mining firm granted permission to use the data with confidentiality 

and participant privacy according to the Declaration of Helsinki. The Human Research Ethics 

Committee (HREC) of the University of the Witwatersrand granted ethical clearance for this project 

(clearance certificate no. M181038; Appendix B). The mining data gatekeeper granted the use of the 

company's data with a confirmation letter (see attachment in Appendix C). 
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3.2. Statistical Analysis 
 

3.2.1. Descriptive Analysis 
 

The aims, statistical analysis, and the PhD outcomes are summarized in Table 2, with more information 

in the results section. Regardless of the underlying distribution of the data, summary metrics like the 

arithmetic mean and standard deviation were displayed. The geometric mean (GM) and geometric 

standard deviation (GSD) were tabulated as well. Descriptive summary statistics were computed in 

Stata version 16.1 (StataCorp. 2019. Stata Statistical Software: Release 16. College Station, TX: 

StataCorp LLC). 
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Table 5. An overview of the objectives, data collection procedures, and analysis statistical analysis methods, as well as the PhD study 

outcomes. 

No. Objective Data collection tool Variables  Data 

description  

Methods of Analysis PhD outcomes 

1   

To compare compliance of 

HEGs by using DMRE's 

current practice with 

international consensus 

methods (CEN/BOHS-

NVvA and AIHA 

approaches).  

 

This is secondary data collected 

according to the above procedure in 

data collection section 

 

HEGs 

 

Job titles 

 

8-hour TWA 

coal dust 

concentration 

 

Categorical  

 

Categorical  

 

Continuous  

Arithmetic means and 

Standard deviation. 

Geometric mean and 

geometric standard 

deviation for lognormal 

data.  

 

DMRE-CoP using P90 

percentile.  

 

International approaches 

using P95 with 70 and 

95% UCL.  

Paper 1: Compliance Testing and 

Homogenous Exposure Group 

Assessment in the South African 

Coal Mining Industry.  

2 To compare within-group 

exposure variation by the 

introduction of job titles. 

As above  HEGs  

 

Job titles 

 

8-hour TWA 

coal dust 

concentration 

Categorical  

 

Categorical 

 

Continuous  

DMRE-CoP: both 

arithmetic mean and P90 

must fall within an 

exposure category.  

 

GSD>3 to indicate non-

homogeneity. 

The Rappaport Ratio, the 

ratio of the most exposed 

divided by the least 

exposed using 90 and 95%  

Analysis of variance 

Paper 1: Compliance Testing and 

Homogenous Exposure Group 

Assessment in the South African 

Coal Mining Industry.  

3 To compare the posterior 

probabilities of the P95 of 

the non-informative and 

informative prior (from 

historical data) in the 

Bayesian framework and 

As above HEGs 

 

8-hour TWA 

coal dust 

concentration 

Categorical  

 

Continuous  

DMRE-CoP using P90. 

 

Bayesian statistics, using 

informative prior from 

historical data and non-

informative prior to have 

Paper 2: Bayesian hierarchical 

modelling of historical data of the 

South African coal mining industry 

for compliance testing.  
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DMRE-CoP relative to the 

OEL categories. 

probability of exposure in 

each exposure category.  

4 To compare the posterior 

probabilities of the P95 of 

the non-informative and 

informative prior 

information (from experts’ 

elicitation) in the Bayesian 

framework compared to 

the OEL categories. 

A questionnaire was designed 

according to the IDEA criteria for 

expert elicitation.  

Job titles 

 

8-TWA coal dust 

concentration 

Categorical  

 

Continuous  

Expert elicitation  

Bayesian statistics, using 

informative prior from 

historical and expert data 

and non-informative prior 

to have probability of 

exposure in each exposure 

category. 

Paper 3: Bayesian Hierarchical 

Framework from Expert Elicitation 

for Compliance Testing in the South 

African Coal Mining Industry  

DMRE: South African mining industry; OEL: Occupational exposure limit; HEGs: Homogenous exposure group, TWA: Time weighted average, BHF: Bayesian hierarchical model 
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3.2.2. Bayesian Inference 

Bayesian inference is based on conditional probability distribution where a probability distribution of 

the current monitoring data vector Y = (yi. . . , . . , . . , yn) with n being the sample size given the model 

parameters θ, denoted as the likelihood p(y|θ). 53, 54 Conditioning on observed data makes Bayesian 

inference unique from all other statistical approaches. Bayesian inference combines the probability of 

the likelihood with the prior distribution (unknown quantity before the sample is observed) for θ, p(θ). 

The joint probability mass or density function is a product of the prior distribution p(θ) and the 

sampling data p(y|θ). Lastly, the inference is drawn from the posterior distribution as P(θ|y) where P 

(θ/y), is obtained through Bayes Theorem: 

 p(θ|y) =
p(y|θ)p(θ)

p(y)
=

p(y|θ)p(θ)

∫ p(y|θ)p(θ)dθ
= C−1P(y|θ)p(θ) ∝ P(y|θ)P(θ)        (1) 

where p(y) is the marginal or unconditional distribution of y. In practice, p(y) is a normalising constant 

donated by C. Therefore, the posterior distribution will be computed as being proportional to the 

likelihood times the prior: 

P(θ/y)  ∝ P(y/θ)x P(θ)             (2) 

Where the P(y/θ) is the information from the current monitoring data and P(θ) is the prior information. 

The prior information may be non-informative, weakly informative, or informative. An informative 

prior exists when there is reliable external previous knowledge about the event of interest. When there 

is little or no reliable information available about the event of interest, prior information with little or 

no influence on the posterior distribution (the information after data is observed) is used. 

The inference drawn from the posterior has a confidence limit called the credible interval. The credible 

interval informs you about the uncertainty estimate of the parameter of interest. The credible interval 

differs from the confidence interval in frequentist statistics. While the confidence interval is interpreted 

as the level of confidence in percentages, for example, 95%, that a given parameter is found between 

the given range, the credible interval is assuring that the probability of a given parameter falling between 

a given range is say 95%.  

Traditionally, statisticians used to dismiss Bayesian statistics because of the difficulty in calculating the 

posterior distribution. With the development of Markov Chain Monte Carlo (MCMC) simulations, this 

has recently changed, as it is used for selecting samples from the posterior distribution based on 

conditional distributions. Examples of MCMC are the Gibbs sampling and Metropolis-Hastings. Gibbs 

provides parameter estimation with flexibility through simulation. 53, 54  
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The MCMC diagnostics are then conducted to show convergence of the posterior distribution. Examples 

of such diagnostics tests are the trace plot and autocorrelation. A trace plot with a constant or flat 

distribution of the data points indicates convergence of the MCMC samples. The autocorrelation rules 

out a strong correlation between successive draws of the sampler. Another method for MCMC 

diagnostics used is the Gelman-Rubin diagnostics which assesses the difference between the multiple 

Markov chains. Further details on the MCMC inputs and diagnostics can be found in the Bayesian 

statistics book.43,44 
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3.2.3. Inferential analysis for objective 1  
 

Objective 1 compared compliance of HEGs by using DMRE-CoP and international consensus 

methods (CEN/BOHS-NVvA and AIHA approaches). 

 

1. Compliance Testing  

 

The DMRE-CoP 

The compliance of 28 HEG exposure profiles against the OEL. The South African OEL of 2 mg/m3 for 

coal dust exposure is used for compliance testing. The empirical P90 of the exposure data was calculated 

and should be below the OEL to say that the HEG is compliant.  

The International Consensus  

In the CEN/BOHS-NvVA and AIHA approaches, the uncertainty or confidence level is based on the 

70% and 95% probability, respectively, and the acceptability criterion for compliance is that the P95 

exposure level should be below the OEL. The compliance testing was conducted in EXPOSTATS, the 

online Bayesian computation tool built-in with Monte Carlo Markov Chain (MCMC) algorithms. 59 In 

paper one (attached in Appendix F), the P95 of the underlying coal dust exposure data with lognormal 

distribution was calculated. EXPOSTATS tool 1, which estimates the parameters of the lognormal 

distribution and compares to the OEL was used to test compliance of the HEGs coal dust exposure data. 

Figure 8 is a screenshot of the EXPOSTATS tool. Under the section for calculating parameters, the 

South African OEL of 2mg/m3 was inputted in the Exposure limit column. The Exposure limit 

multiplier column is used to modify the exposure limit, in our case the OEL is 2, so in this section, 1 

was entered. Credible interval of 95% was inputted, and for the probability of the overexposure risk, 

30% probability that 5% of the exposure is above the OEL was entered. The tool automatically conducts 

the descriptive statistics and proportion of the exposure above the OEL and does risk analysis based on 

the P95 exposure level as shown in Figure 9.  
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Figure 8: Estimating parameters of the lognormal 

distribution and comparison to the OEL in EXPOSTATS. 

Source: Tool1: Data interpretation for one similarly exposed 

group (shinyapps.io). 

 

 

 

 

https://lavoue.shinyapps.io/Tool1v3En/
https://lavoue.shinyapps.io/Tool1v3En/
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Figure 9. EXPOSTATS tool 1 risk analysis. Source: Tool1: Data interpretation for one similarly exposed 

group (shinyapps.io). 

  

  

https://lavoue.shinyapps.io/Tool1v3En/
https://lavoue.shinyapps.io/Tool1v3En/
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The prior distribution installed in EXPOSTATS was weakly informative prior.  

 

• For the GM, a uniform prior distribution that was only marginally informative was applied.83 

A uniform prior distribution for mean µ of HEG exposure expressed as the GM was specified 

as -20 and 20 mg/m3 for the lower and upper bound, respectively. When expressed as the GM, 

the values were bounded between 2.10-9*OEL and 5.108*OEL, with 95% of the distribution 

lying between 6.10-9*OEL and 2.108*OEL. It is assumed that 23% of the prior mean of the 

exposure is found between OEL/100 and 100*OEL.  

Mathematically, this is expressed as p(μ)~U(μ0,μ1) where μ0 and μ1 are the lower and upper 

bound of prior on GM.  

 

• EXPOSTATS used priors estimated by McNally et al, 201484 for the GSD. For the prior on the 

GSD, EXPOSTATS demonstrated that lognormal data generates a GM of 0.84 for σ similar to 

a GSD of 2.32 for exposure . 

The mathematical expression for the variance is p(σ)~LN(μ∗, σ∗) where μ∗ is the log-mean of 

the prior lognormal distribution for σ and σ∗ is the log-standard deviation of the prior lognormal 

distribution for σ. 

 

2. Homogeneity assessment of HEG coal dust exposure 

The DMRE-CoP  

The AM and P90 of the exposure in a HEG must both fall within the same exposure control category 

for the exposure to be certified as homogenous.  

 

The International Consensus  

To confirm homogeneity, 1. a global GSD of less or equal to 3 needs to be established. 2. The R-ratio 

which is the ratio between the 97.5th and 2.5th percentiles of the distribution of each AM, where a ratio 

of 2 or less was considered homogenous to calculate the R-ratio point estimate for 95% of the workers. 

The R-ratio estimate using 90% of the workers, which is less stringent and defined as "the ratio of the 

95th to the 5th percentiles of the distribution of individual AM," was also used in this analysis. The 

ANOVA methods for within-worker variability of exposure in a HEG were not used in this study 

because the study data does not have repeated measurements of exposure.  
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3.2.4. Inferential analysis for objective 2  

 

Objective 2 compared within-group exposure variation (homogeneity) by the introduction of job 

titles. 

The homogeneity of exposure from specific job title as an alternative grouping within a HEG was 

assessed and compared with the DMRE-CoP versus the global GSD. To assess the homogeneity of the 

job titles, only GSD was used because of the small sample size of the job titles. In the analyses 

mentioned above, all HEGs that did not show homogenous exposures across all approaches were 

selected to see if their constituent job titles will indicate homogeneity of exposure. Only HEGs with 

more than one job title that have three or more samples were selected. The DMRE-CoP approach of 

both the AM and the P90 having to be within the same exposure band as an indicator of homogeneity 

was compared to the global GSD.  
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3.2.5. Inferential analysis for objective 3  
 

Objective 3: To compare the posterior probabilities of the P95 of the non-informative and 

informative prior information (from historical data) in the Bayesian framework and DMRE-CoP 

compared to the OEL categories. 

 

Bayesian Analysis for the Occupational Exposure 

 

To produce the posterior GM, GSD, P95, and the posterior probabilities of P95 of exposure in each of 

the DMRE-CoP exposure categories, current monitoring data was updated using historical coal dust 

data from the same HEG or expert judgements for the job titles. According to earlier research for 

occupational exposure assessment 85, 86, five observations were randomly selected from historical data 

of each HEG for the prior specification. This is important because, as sample sizes get larger, the 

posterior distribution in Bayesian statistics must be observed to a high degree from the most 

recent/current data. The posterior distribution in Bayesian statistics is a compromise between 

information from the prior and the most recent data. 

 

Model Specification Using Current Data  

 

In industrial hygiene compliance testing using the Bayesian framework, exposure data are assumed to 

follow a lognormal distribution. The current monitoring data of the exposure are updated by prior 

distribution from historical data or expert judgements. The expert judgements were elicited using the 

IDEA technique about their opinions on the probability of the P95 of exposure falling in each of the 

DMRE-CoP exposure control categories and fitted a lognormal distribution in SHELF as in section 

3.1.3 above.  

 

If Ym is the current monitoring data, then the log-transformed, yi = log (Ym) and observations yi =

(yi1, . . , . . , . . , yin), where n is the sample size, with the data yi ~ Norm(μ, σ2). The exp(μ) is the 

geometric mean (GM), and exp(σ) is the geometric standard deviation (GSD). The likelihood function 

of the current monitoring exposure data is presented below:  

 

∏(yi|μ, σ2) = ∏
1

yiσ√2π
exp {−

1

2

(logyi − μ)2

σ2 }

n

i=1

n

i=1

 (3) 

 

where yi is the log-transformed current monitoring data, and n is the number of observations of current 

monitoring data.  
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Suppose Ncat is the number of South Africa OEL exposure categories, and R is the random variable 

showing the categories, say R∈ {1,2,3. . , . . . Ncat}. The proposed model aimed at classifying the 

exposure into one of the Ncat categories. Therefore, making R a random variable in the model directly 

produces posterior distribution within the Bayesian hierarchical framework.83, 86  
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Non-informative Prior Specification  

A non-informative prior is one with little information about the data. The non-informative prior in this 

study was motivated by Quick et al, 201786. Appendix D contains the R codes for the non-informative 

prior distribution.  

 

For the GM, the assumption is that μ is uniformly distributed μ = LnGM~Unif(aμ, bμ) and with the 

bounds μ ∈ (aμ, bμ) where a and b are the lower and upper bounds of the mean, respectively. 

Therefore, equation 4 illustrates the assumption that μ is uniformly distributed and the posterior 

distribution is in equation 5  

 

 

p(μ) =
1

bμ − aμ
× I{μ ∈ (aμ, bμ)} ∝ I{μ ∈ (aμ, bμ)} 

 

 

(4) 

 

p(μ|Y) ∝ LN(yi|μ) × I{μ ∈ (aμ, bμ)}. (5) 

 

 

 

For the GSD, the variance σ2 follows a uniform distribution with σ = ln G SD ∼ Unif(aσ, bσ), and 

with the bound σ2 ∈ (aσ, bσ), where a and b are the relaxed lower and upper bounds of the variance, 

respectively.  

Therefore, prior variance σ2 with uniform distribution is shown in Equation 6 with the posterior 

distribution in Equation 7:  

 

p(σ2) = {σ2 ∈ (aσ, bσ)} ∝ 1  (6) 

 

  

 

p(σ2|Y) ∝ LN(yi|σ
2) × {σ2 ∈ (aσ, bσ)} (7) 
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Informative Prior Specification for the Geometric Mean  

The informative truncated prior distribution in this study was motivated by Quick et al.201786. 

Appendix E shows the R codes for the informative prior distribution. For informative prior, if Yh is 

the historical data, then the log-transformed data yi0 = Log(Yh) with n0 observations, sample mean, 

y̅0 = ∑ yi0/n0 and sample variance sy0
2 = ∑(yi0 − y̅0)2/(n0 − 1) . 

 

For prior GM, μ, the historical data follows normal distribution, yi0 ∼ Norm(μ, σ2), then the mean, 

y̅0 ∼ Norm(μ, σ2/n0), similarly, y̅0 − μ~Norm(0, σ2/n0. If y̅0 is random quantity and µ is an 

unknown fixed value, can change functions of these parameters by putting μ as a random quantity and 

replace σ2 with the prior estimate , so that μ takes the form: 

 μ ∼ Norm(y̅0, sy0
s /n0) (8) 

 

 

The full conditional for μ was based on truncated normal prior distributions:  

 

 

p(μ|Y, σ2, y
0

, Sy0
2 ) ∝ p(Y|μ, σ2) × p(μ|y̅0, sy0

2 )

∝ exp [−
(y − μ)2

2σ2/n
] × exp [−

(y
0

− μ)2

2sy0
2 /n0

] × I{μ ∈ [aμbμ]}

∝ exp [
(μ − E[μ|. ])2

2V[μ|. ]
] × I{μ ∈ [aμbμ]} 

 

 

Where E[μ|. ] = V[μ|. ] (
ny

σ2 +
n0y0

sy0
2 ) V[μ|. ] = (

n

σ2 +
n0

sy0
2 )

−1

 

 

 

 

 

  

This shows that p(μ|Y, σ2, y
0

, Sy0
2 ) ∼ Trun − Norm(E[μ|. ], V[μ|. ])[aμ, bμ]         (9) 

 

2

0ys
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Informative Prior Specification for the Geometric Standard Deviation 

For GSD, σ2, the parameter space for the lower bound from BDA was used and the upper bound was 

let to change iteratively. Appendix E shows the R codes for the informative prior distribution.  

To develop prior for
 
σ2 the expression that:  

(n0 − 1)sy0
2

σ2
 ~ xn0−1

2       (10) 

  

where xn0−1
2  is the chi-square distribution with (n0 − 1) degrees of freedom.  

 

 

Now let’s proof that indeed the above expression  

Suppose 𝑊:  

W =  ∑ (
yi0 − μ

δ
)

2

          (11)

n

i=1

 

 

 

By adding 0 to each term:  

W =  ∑ (
(yi0 − y̅0) + (y̅0 − μ)

δ
)

2n

i=1

     (12) 

 

Add and subtract the sample mean by 0 to the quantity in the numerator and square the terms to give:  

 

 

W =  ∑ (
(yi0 − y̅0)

δ
)

2

+ ∑ (
−μ

δ
)

2
n

i=1

+ 2 (
y̅0 − μ

δ2
) ∑(yi0 −)   (13)

n

i=1

n

i=1

 

 

 

The last term in Equation 13 is 0:  

 

W = 2 (
y̅0−μ

δ2 ) ∑ (yi0−)n
i=1   since   ∑(yi0 − y̅0) = ny̅0 − ny̅0 = 0    (14) 

 

Now W changed to:  

W =  ∑
(yi0 − y̅0)

δ2

2

+ 
(yi0 − y̅0)

δ2

2n

i=1

     (15) 
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Recall that sample variance:  

sy0
2 =

∑(yi0 − y̅0)2

(n0 − 1)
     (16) 

 

 

Multiple both sides of the above equation by (n0 − 1):   

(n0 − 1)sy0
2 = ∑(yi0 − y̅0)2     (17) 

 

 

The numerator in the first term was presented as a function of the sample variance:  

 

W =  ∑ (
(yi0 − μ)

δ
)

2

=  
(n − 1)Sy0

2

δ2
 +  

n(y̅ − μ)2

δ2
 

n

i=1

     (17) 

 

The right side of the Equation 17 above is now sum of n independent chi-squared random variables, 

since x1, x2, . . , xn are number of observations from a normal distribution N(μ, δ2) :  

 

∑ (
(yi0 − μ)

δ
)

2

  (18)

n

i=1

 

Therefore,  

yi0 − μ

δ
    (19) 

is a standard normal distribution. Squaring a standard normal variable equal to a chi-square random 

variable with 1 degree of freedom  

 

Therefore ∑ (
(yi0−μ)

δ
)

2
n
i=1  is the sum of n independent chi-squared random variables.  

 

 

The moment generating function of W is the same as that of a chi-square (n) random variable, given 

as MW(t) = (1 − 2t)−n 2⁄  
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For t <
1

2
 the second term on the right side of W after the equal sign 

n(y̅0−μ)2

δ2  is chi-square (1) random 

variable, since the sample mean is assumed approximate normally distribution with mean µ and 

variance δ2/n 

 

Therefore Z =
y̅0−μ

δ √n⁄
~N(0,1) is a standard normal variable. By squaring Z , a chi-square random 

variable with 1 degree of freedom is observed as Z2 =
y̅0−μ

δ √n⁄
~x1(1) . And the moment generating 

function of Z2 will be MZ2(t) = (1 − 2t)−1 2⁄    

 

 

From Equation 10, sy0
2  was a sample random variance from the historical data, while σ2 is a fixed 

unknown population parameter. In this study, σ2 was treated as the random variable, given sample 

variance sy0
2  from the historical data or expert judgement. Take that xn0−1

2 ≡ Gam (
n0−1

2
, 2 ) where 

the second parameter is the scale parameter. From the gamma distribution,  

(n0 − 1)sy0
2

σ2
 ~ Gam (

n0 − 1

2
, 2) 

Multiple both side by (n0 − 1)sy0
2  so that  

 

1

σ2
 ~ Gam (

n0 − 1

2
,

2

(n0 − 1)sy0
2 ) 

 

σ2 ~ IG (
n0 − 1

2
,
(n0 − 1)sy0

2

2
) (20) 

For n0 > 1, where IG (a, b) is an inverse gamma distribution with shape parameter 𝑎 and scale 

parameter 𝑏. 

Therefore,  

a = (n0 − 1)/2 

b = 2/(sy0
2 ∗ (n0 − 1)) 

(21) 

 

The full conditional for σ2 which was based on truncated inverse gamma prior distributions: 
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p(σ2|Y, μ, y0, sy0
2 ) ∝ p(Y|μ, σ2) × p(σ2|y0, sy0

2 )

∝ (σ2)−
n+n0−1

2
−1 exp [−

n(y − μ)2 + (n0 − 1)sy0
2

2σ2
]

× I{σ2 ∈ [aσbσ]} 

 

 

 

Therefore, the posterior variance given as the geometric standard deviation is given by:  

p(σ2|Y, μ, y0, sy0
2 ) ∼ Trunc − IG (

n + n0 − 1

2
,
n(y − μ)2 + (n0 − 1)sy0

0

2
) [aσ, bσ]     (22) 
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Markov Chain Monte Carlo model inputs 

 

To generate a full posterior conditional distribution, the Gibbs sampler, a Markov chain Monte Carlo 

(MCMC) algorithm was used.88 Because it is not computationally intensive, the Gibbs sampler was 

applied. For the MCMC Gibbs algorithms to simulate multiple draws that converge to the posterior 

distribution, the number of burn-in iterations was specified. A total of 20 000 burn-in iterations were 

specified with starting initial values for mean and variance set at 0 and 1, respectively. The Gibbs 

sampler samples using conditional distribution. For example, if a given parameter has been broken 

down into sub-parameters, it draws each sub-parameter conditionally on the values of all the others 

iteratively. To create the marginal posterior distribution, the sub-parameter is conditionally updated 

multiple times based on the most recent values of all its parts. With the help of the Gibbs sampler, the 

posterior distribution can be estimated more accurately as it corrects the generated values. The MCMC 

simulations and Gibbs sampler were programmed directly in R version 4.1.1 (R Core Team, Auckland, 

New Zealand)89, and the bayestestR package90 to describe the posterior distribution of the parameter 

estimates with 95% credible intervals.  
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MCMC post-estimation diagnostic tests  

 

MCMC model diagnostic tests were conducted to ensure that simulated draws are close to the posterior 

distribution. The Gelman-Rubin convergence diagnostic, which assesses the between and within-

Markov chain variability for the model parameters to find whether they are stationary91, was used to 

perform the posterior convergence. While the within-Markov is the mean of the variance in each sample, 

the between-Markov is the variance of the posterior means of the samples. Convergence is reached if 

the test statistics showed by R-hat are less than 1.05. The bulk and tail effective sample sizes were used 

to prove the posterior quantile reliability.92 Effective sample sizes of at least 100 are recommended for 

each chain. In this investigation, the convergence diagnostic test revealed an R-hat of less than 1.05 and 

an effective sample size of more than 100, showing convergence was successful. The posterior 

convergence diagnostics of the Markov chains mixing was done using the RStan package93 within R.  
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3.2.6. Inferential Analysis for Objective 4. 
 

Objective 4: To compare the posterior probabilities of the P95 of the non-informative and 

informative prior information (from experts’ elicitation) in the Bayesian framework compared to 

the OEL categories (Appendix F) 

 

Job titles were selected if their mean exposure difference is similar across all HEGs where they were 

found. This is to make sure that the exposure profile is like the same job title as you would expect in a 

SEG or HEG. The analysis of variance (ANOVA) F test for the difference in means of job titles 

exposure data across HEGs was used. If the variation of the means between HEGs is not significantly 

higher, the job title was selected. Since job title exposure could not assume normal distribution even 

after log transformation, the Kruskal Wallis test, a non-parametric version of ANOVA was used to 

assess the median exposure differences. 

 

Establishing Joint Probability Distribution from expert elicitation  

The SHELF, an online elicitation tool, was used to produce a lognormal distribution for each elicited 

expert judgement. The joint probability distribution is a lognormal probability distribution of each of 

the individual expert judgements.  

The SHELF tool can choose the distribution that best matches the expert's elicited judgment. The 

SHELF tool works by employing least squares processes to generate a distribution that best fits the 

provided expert's data inputs by minimizing the sum of the squares of the residuals. In the SHELF tool, 

the quartile method was chosen to elicit our expert's judgment in a continuous quantity.94 

The quartiles are presented as lower (Q1) and upper quartiles (Q3). Given that our lower (L) and upper 

(U) limits during the elicitation were 0 and 100%, Q1 is a value between L and M, where M is the 

median value, while Q3 is a value between M and U. In the expert's elicitation questionnaire, the 

expert’s best guess was collected in percentages to distribute the probability of the P95 exposure being 

located in each of the exposure control categories. To consider uncertainty in the expert best guess,  the 

probability of finding the P95 exposure in each of the DMRE-CoP exposure categories was required in 

range. (refer to section 3.1.3). The best guess was the median, minimum percentage was Q1, and 

maximum percentage was Q3. The cumulative probabilities were set at 2.5% for Q1, 50% for M, and 

97.5% for Q3 to capture the expert’s 95% certainty. In Table 6 presents an example of expert data that 

was inputted into the SHELF software for multiple experts to elicit individual distribution from these 

experts.  
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Table 6: An example of elicited Expert judgements for one of the job titles in this study for 

exposure category 1.  

Quantiles 

Experts 

A B C D E 

% % % % % 

2.5% 55 40 35 50 60 

50% 61 49 42 79 80 

97.5% 80 71 66 91 97 

A, B, C, D and E refer to individual experts 

Figure 10 is a snapshot of the SHELF tool where the number of experts is specified and the input is 

selected, in our case the quantile method. Then the distribution of the data is selected, which in this 

study is the lognormal distribution.  

 

Figure 10: The SHELF multiple expert tools. SHELF: individual distributions (shinyapps.io). 

Figure 11 is where the expert's judgements are entered. The L is the lower limit which is 0 and U is the 

upper limit which is 100. The analysis is then run automatically, and the results can be downloaded in 

a word document or html format.  

https://jeremy-oakley.shinyapps.io/SHELF-multiple/


 
 

68 
 

 

Figure 11: The SHELF multiple expert tools for entering individual expert's judgements.  
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Figure 12 shows the results of the lognormal fitted distribution of each expert data and then aggregated 

to generate combined mean and variance for exposure control category 1. The AM (simple average) of 

the lognormal mean and variance of the individual expert's judgements was calculated. The use of 

simple average was on the notion experts equally contributed as the IDEA protocol was modified. The 

mean and variance were then used as the prior distribution. The Bayesian framework is the same as in 

objective 3, except the prior distributions and the current monitoring data were from our elicited expert's 

judgements and job titles (as an alternative grouping), respectively.  

 

Figure 12. A lognormal distribution fitted to the individual expert elicited judgments. The lognormal mean 

and variance of the experts were: A: 4.11, 0.003; B: 3.89, 0.011; C: 3.74, 0.009; D: 4.37, 0.005; E: 4.38, 0.010.  

 

The sensitivity analysis of the bounds  

 

 

 

In this PhD study, parameter values were specified on the lower bounds of the truncated prior 

distribution, for 𝜇 and 𝜎2 and P95 using suggestions from BDA.57, 95 For the non-informative prior, the 

lower bound of the mean was set at 0 and variance was set at infinity. Value of 0.0001 for the lower 

value for the prior mean and 1.05 for the variance were specified. The upper bounds were let to vary 

without any restrictions as motivated by Quick et al.201783. The upper limit was let to vary to avoid a 

prior from being skewed toward a favourable result. However, putting restrictions in a parameter might 

misclassify an exposure.  
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As a result, in published paper 3, two job titles were randomly taken: shuttle car operator and pump 

attendant.  

The lower bound for the GM and GSD in shuttle car operator exposure data was set at 0.00001, with 

the assumption that coal dust exposure value is never zero. The upper bound was set to be slightly 

higher than the GM and GSD values calculated from this exposure data. The GM is 1.08, so the upper 

bound was set to 1.09; the GSD is 2.62, so the upper bound was set to 2.63 to ensure that the exposure 

estimates are within the limits. 

The upper bound of the GM for the pump attendant was set at 0.42, just above the actual value of 0.41, 

and the GSD at 3.42, also just above the actual value of 3.41. Another analysis was done without 

imposing any constraints on the parameter space, i.e., without specifying lower and upper bounds. 
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CHAPTER 4: RESULTS 
 

Introduction 

 

The interpretation of the results is presented in this chapter. In paper 1, various methods for assessing 

homogeneity and compliance against the current methods used in the DMRE-CoP were compared. In 

papers 2 (Appendix I) and 3 (Appendix J), Bayesian model was fitted to locate the probability of the 

P95 in each of the exposure categories. The prior information was obtained from historical data and 

experts' judgements. Uncertainty, using the credible interval and variability of the exposures, was 

considered an important indicator of exposure compliance in this study. All three papers have been 

published, available in the Appendix section. 

 

Summary of Papers from the Objectives  

  

4.1. Paper 1: Compliance Testing and Homogenous Exposure Group Assessment in the 

South African Coal Mining Industry (Appendix H) 
 

This paper investigated the first two objectives of the PhD study. The paper compared exposure 

compliance and within-group variation using HEG and job titles data according to DMRE-CoP and the 

international consensus methods. 

 

This study included 728 workers in 28 HEGs. HEG N exposure level was the lowest (AM: 0.58) while 

HEG A had the highest AM dust concentration (AM: 2.19 mg/m3). The highest concentration of GM 

was found in HEG H (1.70 mg/m3), and the lowest concentration, 0.20 mg/m3, was found in HEG R. 

In 21 (75%) of the 28 HEGs, there was agreement on non-compliance by all the criteria. According to 

the DMRE-CoP, seven (or 25%) of the HEGs are compliant. The DMRE-CoP and CEN/BOHS-NvVA 

only concurred on one HEG exposure compliance decision. Agreement of decision was found in 27 

(96%) of the 28 HEGS when the 70% and 95% UCL approaches of BOHS/NVvA and AIHA were 

compared. 

 

A total of 11 (or 39%) of the 28 HEGs were found to be homogenous according to the global GSD. 

Only seven HEGs met the DMRE-CoP homogeneity criteria. Only four (14%) of the HEGs showed 

agreement between the DMRE-CoP and GSD indicators. The R-ratio with 95% of the data showed no 

homogenous HEG and the R-ratio with 90% of the data showed just one homogenous HEG. Only one 

HEG showed homogeneous agreement across GSD and R-ratio (90%). The non-homogeneity in all the 

metrics was agreed upon in a total of 14 HEGs (50%). 



 
 

72 
 

For the examination of homogeneity in an alternative sub-grouping by job titles, a total of 14 HEGs that 

were non-homogenous in both the DMRE and GSD criteria were chosen. Following HEG C in terms 

of job titles were B and D. Nine job titles were homogeneous in HEG B, according to the global GSD. 

Five out of 10 job titles in HEG B were homogeneous, according to the DMRE-CoP criteria. Most job 

titles had AM and P90 values that were greater than the parent HEG. While a few job titles and HEGs 

had lower AM and P90 point estimates than others. The DMRE approach, compared to other 

approaches, tends to imply greater compliance, and job title sub-grouping showed greater homogeneity 

than HEGs.  
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4.2. Paper 2: Bayesian Hierarchical Modelling of Historical Data of the South African 

Coal Mining Industry for Compliance Testing (Appendix I) 
 

The third objective of this PhD was covered in this paper. The objective was to compare the posterior 

probabilities of the P95 of the informative prior from historical data, the non-informative prior, and the 

DMRE-CoP approach. 

 

In the monitoring data, the highest AM was seen in HEG C. While HEG A had the highest AM in earlier 

data. Comparing the historical and present data, HEGs D and G have the lowest AMs of all the other 

HEGs. Six HEGs from current monitoring data revealed a high degree of exposure variation, or GSD 

higher than 3. Five HEGs from the historical data showed considerable exposure variability based on 

the GSD. Three HEGs under a non-informative prior had low variability, while four HEGs under the 

informative prior likewise had lower exposure variability. 

 

By employing the non-informative and informative priors to update the current data, the DMRE-CoP 

P90 values from non-transformed data are significantly lower than the posterior P95 seen in Bayesian 

statistics. The P90 value for only one HEG (HEG D) was lower (1.62 mg/m3) than the OEL of 2 mg/m3. 

According to the Bayesian framework, the HEGs have P95 values below the OEL. All of the HEGs 

exposures were below the OEL, according to the posterior median GM. Between the non-informative 

and informative priors, the median and 95% CrI were comparable across all HEGs. In comparison to 

the informative prior, the P95 is lower, and the 95% CrI is wider in the non-informative prior, according 

to five out of nine HEGs. The wider 95% CrI showed that there was significant uncertainty in the non-

informative outcomes. 

 

The posterior probability of the exposure falling into category four was lower in HEG D for both 

Bayesian approaches. All the HEGs in the two prior distributions were at least 90% likely to be in 

poorly regulated category 4. The probabilities of exposure in lower exposure categories were lower for 

non-informative priors than for priors derived from historical data. 
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4.3. Paper 3: Bayesian Hierarchical Framework from Expert Elicitation in the South 

African Coal Mining Industry for Compliance Testing (Appendix J) 
 

This paper investigated the fourth objective. The posterior probabilities of the P95 from informative 

prior distributions obtained from historical data and the non-informative prior using the Bayesian 

framework were compared.  

 

Since a specific job title can be found in more than one HEG, the median difference of exposure of the 

job titles across HEGs were compared. All the job titles had similar median exposure distributions 

across the HEGs, without any statistically significant (p<0.05) differences. In the current data, six of 

the nine HEGs had high GSD values larger than 3, which shows high variability, but in the historical 

data, seven HEGs showed significant exposure variability. For every Bayesian approach, the posterior 

GM were below the OEL. Certain job titles showed less variation between Bayesian frameworks, 

according to the GSD. According to the posterior P95, no job titles across the three Bayesian updates 

of current indicated exposure below the OEL. In comparison to the historical and uninformative priors, 

the posterior P95 were higher in the Bayesian findings from the expert prior distribution. Compared to 

the non-informative prior, several job titles had a decreased probability of falling into the highest 

exposure category 4 in the historical prior distribution. Compared to the other methods, Bayesian 

framework with informative prior distribution from expert elicitation tend to place HEG in a higher 

exposure category with increased but with less variability. 

 

Sensitivity analysis using various parameter values and without placing any restrictions on the bounds 

were done. The sensitivity analysis was done to rule out possible misclassification of exposures caused 

by using specific parameter values (for methods, see paper 3 in Appendix F. Where no restriction was 

imposed on the parameter space job titles had probabilities of 100% that they were all in exposure 

control category 4 (poorly controlled). The parameter specified by this study (99.4%) and the adopted 

from BDA (99.91%) showed comparable results of locating exposure in exposure category 4.  
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4.4. Integrated Conclusion 
 

The use of HEG revealed increased exposure variability. The nature of defining HEG using the DMRE-

CoP imply that various work activities and job titles are perceived to have comparable exposures. 

According to the alternative grouping using job titles as SEG within the HEG, one job title is compliant, 

and exposure distribution is less variable, but the HEG can be non-compliant with significant variability 

of exposure distribution. There is typically less uncertainty about the probability that the P95 will belong 

to each exposure-controlled group when updating current data with historical data. 

 

When historical data is not available, prior distribution may be derived from expert judgments or 

opinions. This can help to improve compliance evaluation and guide decision-making. When all 

relevant information is considered, using historical exposure data from job titles can produce findings 

that can support wise exposure control and reduction decisions. 
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CHAPTER 5: DISCUSSION 
 

5.1. Introduction 
 

To define HEG, the DMRE-CoP uses common and return air take area and additionally common work 

areas. Unfortunately, there are multiple job titles in each of these HEGs. Due to this approach, it may 

be challenging to find highly exposed workers or job titles, which increases the risk of exposure 

overestimation or underestimation. To sample exposure of workers, institutions and bodies in other 

countries use SEGs. SEGs are defined as workers with the same job titles, tasks, duration, places of 

employment, and tools. These are different from the strategy employed in South Africa. Remember that 

presently, it is impractical and expensive to sample every worker, which is the background for the 

definition of HEG and SEG. The importance of defining a similar exposure profile in a group of workers 

is highlighted by the fact that taking a small part of workers from HEG or SEG should be able to 

accurately represent the exposure of all the workers assigned to these HEGs/SEGs. If workers are 

grouped based on similar exposure, it would help to generalize compliance findings back to the larger 

population of workers. Since a HEG is constituted by common and return air intake area and work area, 

including diverse types of activities, there may be a high degree of exposure variability depending on 

the job titles in that area. 

 

According to Lavoué et al, 201955, the CEN and AIHA approaches assume that the data have a 

lognormal distribution and that P95 should be below the OEL. It is a widespread practice that the 

probabilities of the P95 of exposure can be grouped according to OEL related exposure categories.57, 

83,86  In a Bayesian framework, historical data were used as a baseline to update current data. The DMRE 

exposure category was used to group the posterior probability of the P95 HEG exposure. Bayesian 

statistics is robust even with small sample sizes and still produces results that can confidently influence 

decisions. Utilizing historical data is important to provide prior knowledge of the current data in case 

the exposure scenario has not changed substantially. To avoid overpowering the current data, it is also 

important to consider the weight of the prior data. As in other studies where a small prior sample size 

generated inferential benefits when the findings were compared to non-informative priors,86, 96 a small 

prior sample size has less influence on the current data. 

 

The use of historical data as prior is particularly important as it improves the certainty of the findings. 

However, in situations where historical data are inadequate or unavailable, prior information can be 

found using expert judgment. Experts play a key role in occupational exposure assessment decision-

making because of their prior knowledge of the work activities. Hewett et al, 200657 were the first to 
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use and propose the inclusion of expert judgments in a Bayesian framework for compliance assessment. 

This study also conducted expert elicitation to derive previous information on dust exposure.  

 

Introducing new robust methods for assessing coal dust overexposure and categorizing HEG in the 

South African coal mining industry, may improve the identification of highly exposed workers. Using 

job titles to create a clearly defined, comparable exposure group has the advantages of reducing 

overestimation and underestimation of exposure, and the number of workers sampled from a job title 

group can represent the remaining workers who are not selected. Finally increasing confidence in 

decisions can be achieved by accounting for uncertainty and variability of exposure by using historical 

data or expert prior knowledge. The published papers that are provided in Appendix H, I, and J 

addressed the main objectives of the study. In addition, from these findings, future suggestions were 

provided. . As part of practical applications in future polices, a simple and direct statistical analysis 

tools were suggested.  
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5.2. Key Findings 
 

The key findings are discussed according to the conceptual framework (Figure 4). First is the grouping 

of HEGs and compliance testing; the second is the use of historical data to categorize exposure 

according to exposure control groups; and lastly is the use of expert judgement in the absence of the 

historical data using work- or job-title-specific data. 

 5.2.1. Compliance Testing and Homogenous Exposure Group Assessment 

The objectives of this study were to assess compliance and homogeneity among HEGs and alternative 

groupings by using job titles. A total of 21 out of 28 HEGs are not compliant. The DMRE-CoP revealed 

that seven HEGs are compliant, but only one showed the same result for the CEN approach. The HEG 

that agreed with DMRE-CoP and CEN practices had a sample size of six, which is small, especially in 

a lognormal distribution. A high number of left tail samples were possibly collected, causing 

compliance with the OEL in the CEN approach. The DMRE-CoP responds to the question of whether 

actual exposure data is below the OEL (acceptable) or above the OEL (unacceptable), while the CEN 

and AIHA rely on the probability of overexposure to determine whether a point estimate of the 

underlying distribution, e.g., P95, exceeds the OEL (uncertainty). It is important to take the uncertainty 

into account because it could result from sampling errors, improper data, or measurements depending 

on whether the exposures were checked continuously or intermittently.97 According to our findings, the 

DMRE-CoP is more lenient than the CEN and AIHA methods. The DMRE-CoP suggest more 

compliance of HEGs, as compared to CEN and AIHA. The DMRE-CoP likely underestimate exposure, 

and misclassified workers at risk of overexposure to coal dust. Another factor that might have 

contributed to the discrepancy between the approaches is the considerable unpredictability brought on 

by the fact that many job titles are assigned to the same HEG. Setting up a HEG will require a careful 

assessment of information, including survey design, procedures, resources or tools, and work strategy 

for suitable compliance testing using the OEL.36 For both CEN and AIHA approaches, a total of 27 

(96%) HEGs showed non-compliance. This shows that, despite differences in the level of uncertainty, 

i.e., 70% and 95%, respectively, the approaches are comparable in finding whether the examined HEGs 

are non-compliant. 

This study also evaluated the homogeneity of the exposures by applying DMRE-CoP and CEN, BOHS, 

and AIHA criteria. The findings prove that using the GSD and DMRE-CoP indicators for homogeneity, 

11 and 7 HEGs, respectively, were homogenous, but only 4 HEGs had an agreement between the two 

techniques. The DMRE-CoP requires that to call exposures homogenous, the AM and the P90parameter 

estimations must fall within the same exposure category. If the exposure distribution has a long tail or 

if it is a lognormal distribution, the parameter estimates might not fall into the same exposure category. 

This would also suggest that it is challenging to show homogeneity in data with a very skewed 
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distribution using the GSD and DMRE-CoP. The DMRE-CoP assumes a normal distribution of the 

data, but this distribution is not checked. The number of measurements might impact the exposure 

variability over time, with shorter periods having a similar set of conditions and work practices than 

over a long period. 98,99 Apart from the GSD criterion, none of the HEG was homogeneous, as shown 

by R-ratio (95%) showing values all greater than 2. As a result, a ratio of 2 or less may be considered 

excessively conservative given that only 50% of the HEGs were homogenous across all the other 

metrics. The global GSD is especially sensitive to sample size because smaller sample sizes might create 

skewed data as the distribution of the parent data is unknown, which can cause the GSD to be 

underestimated .98 

The DMRE-CoP would imply that because a HEG is made up of several job titles and work activities, 

it is difficult to correctly sample representative samples because of the type of work activities. Thus, a 

sample of workers with the same job title (within a work area) would easily show direct overexposure 

detection and strategic control of exposures. Some job titles had a higher P90 dust exposure level 

compared to its HEG. This suggests that if a HEG is constituted under the current DMRE-CoP 

guidelines, then a strategic intervention in risk assessment and control measures would be misguided. 

According to Rappaport et al, 1993100, categorizing workers by job titles does not always result in 

decreased variability or compliance, however, the chance of a homogenous exposure is high.  

Mulhausen and Damiano, 200631 defined a SEG as a population with the same exposure profile due to 

their shared use of identical materials, processing methods, and job responsibilities. In our findings, 

workers may not always have a uniform distribution of coal dust exposure, even when they are classified 

as doing similar work activities as shown by their job titles. There may be an increased variability of 

exposure among workers with the same job titles because of the differences in exposure times.101  
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 5.2.2. Bayesian hierarchical modelling of historical data 

In this study, historical data was used to derive prior distribution in assessing compliance in the 

categorization of the probabilities of posterior P95 according to exposure control groups and compared 

it with the DMRE-CoP and a weakly informative prior. The use of non-informative and informative 

priors from historical data revealed that all the posterior GMs were lower than the OEL. This may mean 

that the level of dust exposure control did not change, according to the GM. However, coal dust 

exposure compliance is best based on the P95, which is at least 95% of the underlying distribution. 

When comparing the DMRE-CoP with P90 for compliance and Bayesian use of prior distribution 

approaches, one HEG indicated exposure below OEL with the DMRE-CoP. This is in line with our 

earlier research, which found that the DMRE strategy tends to underestimate overexposure risks.28 The 

Bayesian techniques did not just rely on a point estimate as for the DMRE-CoP; the framework also 

considered the uncertainty of overexposure. According to the Bayesian statistics, every HEG showed 

that their P95 was extremely high and above the OEL. The median P95 had a distribution that was 

similar across the informative and non-informative prior distributions. When using the non-informative 

priors, the majority of HEGs showed that P95 was slightly lower and had wider 95% CrIs than 

informative priors resulting from historical data. This proves how important it is to consider historical 

data when estimating occupational exposure and risk decisions can be accepted with greater certainty 

when past data is combined to update current data.  

The Bayesian use of prior information, more than 95% of the P95 for the studied dataset were assigned 

to exposure category 4, which denotes poorly regulated exposure. The posterior P95 of none of the 

HEGs fell into the lower exposure categories. According to these findings, using historical data as a 

prior for occupational exposure assessment in a Bayesian framework is good since non-informative 

priors often place HEGs in a lower exposure category.86 Reducing the risk of overexposure has an 

impact on making informed decisions. The classification of HEGs into a lower exposure category by 

non-informative prior is comparable to a simulation study.86 Most of the classification of exposure into 

a lower exposure control category may be attributed to an inaccurate or improper prior used to derive 

the non-informative prior distributions. Therefore, the results should be interpreted with caution because 

an infinite integral specified the prior. This may produce incorrect posterior distributions.102 Therefore, 

sometimes it is worth deriving different probability density functions for the prior specifications, and 

results from the Bayesian analysis should be compared before a decision can be reached.  
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 5.2.3. Bayesian Hierarchical Framework from Experts Elicitation 
 

In paper 3 the study focused on job title coal dust exposure data. Expert elicitation was conducted for 

each of the job titles and the data was used to derive informative prior distribution. The findings were 

compared with those of non-informative prior and informative prior distribution from historical data. 

The study showed that posterior GMs from all approaches were below the OEL. This shows no 

overexposure risk considering the GM. If the non-informative prior approach was compared to the 

informative prior approach, the P95 values were lower in the non-informative prior. For the non-

informative prior and the prior that was based on expert opinions, the 95% CIs of the P95 was wider, 

showing high uncertainty. Therefore, since there is a great deal of ambiguity, a decision on exposure 

risk may not be achieved with great confidence. The fact that the data from the experts had a broader 

95% CrI is due to the experts' differing opinions on the degree of uncertainty and confidence they have 

in their responses. 

The chances of the P95 falling in a particular DMRE exposure category were investigated. The results 

from using expert judgments to derive prior distribution showed that more than 95% probability of the 

P95 fell in the highest exposure category (4), while the non-informative and informative priors from 

historical data had 75% probability. The results from elicited judgements in this study are different from 

qualitative assessments (expert elicitation without current monitoring exposure data) which revealed 

under-prediction of exposure. 103,104 More consistencies can be seen in the outcomes produced using 

historical data and expert judgments. The low variability of exposures according to the posterior GSD 

in some job titles derived from prior distribution generated by the expert data was expected to place the 

posterior probabilities of the P95 in lower exposure categories. These contradictory findings could be 

the result of incorrect prior that updated the posterior. In such situations, a further sample may be needed 

before a decision is made on the exposure risk. Our findings also deviate from the earlier research that 

used HEGs constituted by the DMRE-CoP, for example, in Made et al, 2022 study 105, it was discovered 

that the chances of the exposures of job titles falling into the higher exposure category were higher than 

for the HEGs. This explains why grouping according to a job title can result in the correct identification 

of highly exposed workers than grouping according to HEGs. Exposure determinants, such as specific 

work activity, workplace conditions, and production volume, should also be considered in exposure 

assessment.106  

The lower and upper boundaries in the parameter space were driven by the BDA. It might be good to 

apply boundaries in the parameter space to prevent the likelihood of the exposure from being 

categorized in an incorrect exposure category. Unlike the frequentist statistics, the BDA says that the 

GM and GSD cannot be any random infinite values, there is always a range. To set bounds for GM and 

GSD, the minimum and maximum values were specified. In this study, however, our thought was that 
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defining limits for the parameter space might lead to an incorrect classification of exposure. To compare 

the exposure classification outcome based on bounds used and if no bounds were used or if alternative 

bounds were used, a sensitivity analysis was performed. The results imply that in contrast to placing 

parameter values for the parameter space, using no bounds may put exposures in the highest exposure 

category. The application of a different bound suggests outcomes comparable to the one chosen. 

Naturally, occupational exposure measurement values cannot be at extremes or infinity, which is why 

boundaries are used. The small sample size might have put the exposure in the highest exposure 

category if no bounds werespecified.86 
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5.3. Integrated research findings  
 

The constitution of the HEG is an important first step in assessing dust exposure in the mining sector. 

The exposure results of a small number of workers can be all workers assigned to a HEG if the HEG is 

defined correctly. By using job titles as an SEG rather than a HEG, it was discovered that highly exposed 

workers or job titles are overlooked or undetected. Improved certainty of the probability of the exposure 

falling into any of the exposure categories comes from the feature to combine current data with 

historical data or expert judgments based on prior knowledge. Table 7 is a compilation of emerging 

areas of interest for the South African coal mining industry.  

 

 

Table 7. Emerging areas of interest for the South African coal mining industry 

 

Emerging areas of interest  The findings  

The use of P95 and P90 for compliance testing 

to the OEL.  

The P90 tends to underestimate overexposure compared to the P95.  

The use of the upper credible limit to account 

for uncertainty surrounding the P95.  

The uncertainty set by credible limits allows the estimates to have a high 

probability enough for decision-makers to be confident in the exposure 

profile. 

Use of the GSD and other methods to assess 

the homogeneity of exposures 

The GSD reflects the variability of the lognormal distribution and allows 

for a decision on the homogeneity of exposures  

SEG based on a specific job title  The HEG constituted according to DMRE-CoP guidelines indicated that 

some job titles show homogenous exposures even when the parent HEG 

is not, and some are compliant with the OEL even when the HEG is not, 

although the opposite can also be true.  

Ability to assign a group of workers to an 

exposure category using historical data  

The use of historical data reduces the uncertainty of a group being 

assigned to an exposure category.  

Ability to assign a group of workers to an 

exposure category using expert judgments 

Expert data collected with less bias helps improve uncertainty. Experts 

have experience and know a lot about the exposure profile. They are 

useful when historical data are scarce.  

Sensitivity analysis to test values in the 

parameter space 

Despite the best practice of the BDA in occupational exposure 

assessments, misclassification arising from the use of bounds in the 

parameter space has not been investigated.  
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5.4. Strengths and limitations of the research 
 

This PhD study also reflects on both the strengths arising from the data collection and the methods 

employed to produce the findings. Due to confidentiality, the data set did not list the names of the 

workers but only their job titles, alternative techniques could not be applied, such as within-worker 

correlation or one-way random effect ANOVA. This could have improved the assessment of variability 

if multiple exposure assessments for the same worker, in a particular job title, had been obtained over 

time. The study assessed the HEGs that were based on a shared workspace where many job titles were 

present at the same time; a specific dust generation for a certain job title could result in different 

exposures. According to Rappaport et al, 199534, the grouping of workers into SEGs or HEGs should 

consist of individuals performing the same task in the same work area to have a likely uniform 

distribution of exposure. Then the statistical sampling analysis can take exposure variance into account 

to make an informed choice about risk management and control. 

 

The availability of historical data enables the study to assess the probability of exposure falling in one 

of the DMRE exposure categories given previous information from this data. Bayesian statistics 

naturally allow the combination of historical data and present data within a sound framework for 

decision-making.58 The Bayesian inferences are conditionally based on the data, making them exact and 

simple to interpret. This is due to its ability to produce findings based on a very small sample size; for 

instance, the probability that the posterior P95 falls into the highest exposure group, can be quantified.  

 

From a Bayesian standpoint, it is sometimes impossible to achieve an informative prior because past 

data is either unavailable or not comparable and not consistent with the current data. This limitation 

was reduced by employing expert judgments to drive our prior information. In the expert elicitation, 

one drawback of the study is that due to insufficient expert data, weighted aggregate was not applied, 

which would have increased the accuracy of the experts' past estimates. The opinions of experts can 

also be quite prejudiced, and their responses depend on their familiarity with the duties of a certain job 

title. Human evaluations may be complicated and prejudiced. Experts occasionally make decisions or 

judgments about unknown situations by using generalizations. The Rule of Thumb does not combine 

data to conclude as an algorithmic approach does. 107,108 As a result, biases may be prevalent when using 

expert judgment. To reduce biases and enhance the cognitive processing of the needed information, 

expert training is needed. The Bayesian approach, which compares expert prior updates with non-

informative priors, offers confidence in deciding whether to employ expert judgment to get prior 

information. Utilizing informative priors may have potential drawbacks. An inaccurate or inconsistent 

informative prior can produce posterior probability distribution of exposure that are heavily influenced 

by the prior data than the current monitoring data. When prior sample size is large, this may overpower 

the current monitoring data and produce findings that can mislead decision-making. The choice of the 
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prior is crucial, however, there is no better way of deriving a prior distribution. Finally, because the use 

of parameter values in the parameter space may cause misclassification of exposure, this study 

investigated the potential bias by conducting a sensitivity analysis. The sensitivity analysis may rule 

out bias and can assessed by using various bounds.  
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5.5. Recommendations 
 

After the findings from this study, below are the recommendations.  

1. The ability to identify workers who are highly exposed will be easier for exposure assessment 

by grouping of workers within a HEG according to job titles to constitute a SEG as workers 

performing the same task are expected to have quite similar exposure distributions, the job titles 

grouping would also reduce exposure variability. When there are similar distributions of 

exposures, it will be easy to put them into the correct categories for exposure. 

2. To test compliance with the OEL, we recommend using the estimate of the P95. Because 

occupational exposure data may be very variable, the P95 of the lognormal distribution should 

be used. 

3. When deciding homogeneity, it is best practice to combine all available analysis methods to 

reduce doubt in findings. As a result, the GSD and the Rappaport index / R-ratio are encouraged 

in addition to the DMRE-CoP.  

4. To classify the probability of exposures into a particular exposure category, we recommend 

using a Bayesian framework. The use of probability is important because it is easy to translate. 

For example, if the probability of exposure being found in a poorly controlled exposure 

category is 100%, this would show urgent decision needs to be made in controlling the 

exposures.  

5. The Bayesian framework should be used with historical data or expert judgment as informed 

prior information to enhance correct assignment to exposure categories. 
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 5.5.1. Recommendations for future research  
 

The goal of this PhD study was to conduct compliance and homogeneity assessment procedures that 

could be used to reduce under- or overestimation of occupational exposures in the coal mining industry. 

This current PhD study was based on limited data; therefore, further research can be conducted if more 

data is available. Below are the gaps and ideas for future research. 

1. In cases of lack of historical data or unavailability of expert knowledge, future research should 

consider using exposure models109, for developing priors when assessing exposure using 

Bayesian statistics.  

2. Research on repeated measurements of exposure should be carried out. This is important as it 

enables analysis of within-worker exposure variability.  

3. Further research should be conducted on the DMRE-CoP grouping strategy. For example, apart 

from the likely problems associated with the current grouping strategy, the recommended 

minimum number of samples and/or frequency of sampling should be investigated to see if this 

number is sound enough to conduct compliance testing for all workers.  

4. Future research should be done on the economic consequences (e.g., a cost-benefit analysis) of 

the revised grouping approach recommended by this PhD study.  

5. The goal of this PhD study is to reduce overexposure to coal dust; therefore, further research 

should be conducted to assess how several factors such as ventilation, work process, personal 

protective equipment, years of experience, etc. can influence coal dust overexposure.  
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5.6. Scholarly contribution of the PhD study 
 

The literature reviewed on various methodologies and the statistical analysis conducted to generate the 

results is what constitutes the scholarly contribution. Table 8 describes the knowledge gaps and how 

this study fills those gaps.  
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Table 8. Summary of literature reviewed and the PhD scholarly contribution. 

 

Study Objectives  What is known  Knowledge gaps PhD scholarly contribution  

Compliance assessment 

using HEG and job titles  

DMRE-CoP uses the P90 of the 

measurement data for compliance testing. 

While international consensus is based on 

P95 of the lognormal distribution  

It is not known if the DMRE-CoP underestimates 

overexposure or not to prevent increased exposure to coal 

dust which could cause irreversible lung diseases. 

Therefore, it is important to compare if the methods agree.  

Highlighted the need to incorporate robust methods that are used internationally 

into the current DMRE-CoP to avoid underestimating exposures.  

Homogeneity 

assessment using HEG 

and job titles 

The DMRE-CoP states that the AM and 

P90 should fall within the same exposure 

category for the HEG to be homogenous. 

While the homogeneity of HEG is 

determined using several methods 

including ANOVA, GSD and the Rapaport 

ratio based on lognormal data.  

It is not clear if the HEGs are homogeneous given how they 

are constituted and if the job title's homogeneity of exposure 

status is the same as that of the parent HEGs.  

The comparison of the known methods to see if they agree 

will help ascertain if the DMRE approach of sampling and 

statistical analysis is appropriate.  

The HEGs showed a high level of heterogeneity in exposures. The need for 

alternative grouping using job titles within HEGs will improve similar exposure 

profiles.  

Bayesian framework 

using historical data of 

HEGs for compliance 

testing  

The DMRE-CoP uses P90 of a present data 

set for compliance. Yet occupational 

exposures are assessed using the Bayesian 

framework because of its ability to 

incorporate earlier information in the 

analysis.  

Bayesian analysis has been used in exposure data analysis. 

The P90 does not use a level of uncertainty to give 

confidence to the decision-makers about exposure risk.  

A confident decision can achieve when using historical data in compliance 

testing. The importance of the informative prior is highlighted with reduced 

uncertainty when interpreting the probability of exposure in any of the exposure 

categories.  

Bayesian framework 

using expert judgements 

for compliance testing  

From the first two study objectives (above), 

it is now known that constituting HEG by 

job titles improves similar exposure 

profiles. Since historical data is not always 

available, expert judgements have been 

used before occupational exposure 

assessments.  

Expert judgements can be subjective; therefore, it is 

important to know if the findings are similar when compared 

to compliance testing using historical data or non-

informative prior.  

The use of experts in exposure assessment is important as uncertainty is reduced 

and the probability of locating the posterior P95 is like that of historical data.  
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5.6.1. New knowledge  

The main research question of this PhD study was if alternative grouping and exposure compliance 

assessment using Bayesian framework would improve the identification of highly exposed workers or 

group compared to the current guidelines of the DMRE-CoP. According to the findings of this study, a 

revised within-HEG sub-grouping based on job titles will, in comparison to currently constituted HEGs 

in the DMRE guidelines, reduce the variability of coal dust exposure and improve compliance testing 

by identifying overexposed job titles. When evaluating exposure compliance, the Bayesian framework 

allows the use of past information to guide current exposure profile, and its ability produce exposure 

probability according to the OEL exposure categories, unlike the DMRE-CoP approach. The Bayesian 

method allows exposure risk assessment decision making to made in a holistic manner since it can 

incorporate previous information and even occupational hygienist or expert’s opinions in the model to 

produce a finding that can influence changes with much needed confidence. Therefore, we, encourage 

the employment of these methods of grouping using job titles and application of Bayesian framework 

in the DMRE-CoP current guidelines to assess homogeneity or coal dust exposure and robustly 

document overexposure patterns relative to the OEL exposure categories.  
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5.7. The policy impact of the PhD study 

The results arising from this PhD study have emphasized the need to adjust the current DMRE-CoP 

guidelines on constitution of HEGs and compliance testing. The goal of continuous coal dust exposure 

assessments in the coal mining industry should be to inform decision making on overexposure reduction 

and monitoring of exposure patterns. As highlighted in this study, overexposure to coal dust can cause 

Coal Mine Dust Lung Disease (CMDLD), which is an irreversible aliment with increased mortality 

rates and a burden on the health care system. It was observed that non-compliance and heterogeneity of 

exposure within HEG were evident, this may have health implications and budget over-burn as more 

resource needs to be directed in controlling exposure. The DMRE-CoP future guidelines will benefit 

from regrouping HEGs and adopting some of the methods employed internationally as investigated in 

this study to protect workers’ health and increase work productivity.  

Implementing compliance assessment strategy such as by use of Bayesian decision-making framework 

would in future, reduce the need to increase sampling of workers for analysis. Bayesian analysis can 

produce robust results based on even a small sample size. Therefore, it would impact the burden of 

’oversampling’ and consequently reduce the economic implications and labour required to conduct 

sampling of mine workers. One key question that is still unanswered is: how easy is it to apply Bayesian 

framework used in this study to non-statisticians, occupational hygienists, and health and safety 

officers? Given Bayesian analysis is computationally intensive, and the choice of prior is challenging. 

The need for a user-friendly online Bayesian framework statistical tool will allow users to just paste the 

data and execute the process, which will produce the results without any mathematical understanding 

of the process. Examples of existing tools which assume lognormal distribution of the data include 

EXPOSTATS, AltrexChimie95, HYGINIST96, IHDataAnalyst97, etc. The latter, i.e., IHDataAnalyst 

enables Bayesian decision-making on the assignment of exposure probabilities in each of the OEL 

exposure control categories. Moreover, it enables the incorporation of expert judgments and historical 

data as informative priors, but the non-informative prior distribution is set as default. The 

IHDataAnalyst is a simple online tool that works in Windows 7, 8, and 10. It can accommodate an 

exposure sample size of up to 2000 workers. The output results can be exported to a built-in text editor 

and saved as a rich text file (rtf). The IHDataAnalyst allows data entry, statistics, goodness-of-fit 

analysis, censored data analysis, Bayesian decision analysis, and the generation of the findings. A free 

version (IHDA-student) is available, which only allows 20 entries. 

We compared IHDataAnalyst results with this PhD analysis done for HEG A and HEG D from paper 2 

(Appendix I) in R, which requires the development of some complex R scripts or codes (Table 9). For 

both the informative prior distribution from historical data and the non-informative prior in HEG A, the 

probability of the P95 exposure being located in OEL exposure category 4 was the same. While for 

HEG D, the probability of P95 exposure was similar across the two statistical analysis tools. The 
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posterior median P95 were also similar including the results for both informative and non-informative 

derived prior distributions.  

We also tested the comparison by using job titles from paper 3, i.e., pump attendant and shuttle care 

driver (Appendix F). The results for both job titles were still similar. The minor differences may be 

attributed to the IHDataAnalyst inflexibility when specifying the parameter space. Since IHDataAnalyst 

does not freely allow the use of historical data as a prior, we used the prior data for the pump attendant 

as an example to generate probabilities of the P95 being found in each of the exposure control categories 

(Figure 13). These probabilities were then inputted as prior distributions from historical data in 

IHDataAnalyst. 

Our findings suggest that both R statistical tool employed in this study and IHDataAnalyst produced 

similar results. R statistical packages allow you to freely incorporate any parameter values for the 

parameter space and any exposure control categories in the codes. The IHDataAnalyst is an easy-to-use 

Bayesian statistical tool, which will undoubtedly increase the use of Bayesian statistics in occupational 

exposure assessment in industries. Unfortunately, despite the use of IHDataAnalyst as a support tool, it 

does not freely allow input of any exposure control categories and parameter values for the parameter 

space. Also, the free version of the IHDataAnalyst only allows entry of 20 data exposure measurements, 

this limits its application for larger data sets.  

 

Despite the identified limitations, the IHDataAnalyst results do not differ significantly from those of 

the R statistical package. In addition to this, its user-friendly element is one of its most important 

contributions to routine exposure assessment. As we look in future for tailor-made solutions, such as 

the development of new a statistical tool that meets the complete application of Bayesian statistics for 

occupational exposure assessment, we encourage the use of online Bayesian statistical tools including 

the IHDataAnalyst for occupational exposure assessment in the South Africa coal mining industry. 
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Table 9: Comparison of statistical analysis tools used for Bayesian modelling. 

 
 

Grouping    R Statistical Package  IHDataAnalyst Compliance  

    
 

Category 1 

 

Category 2  

 

Category 3  

 

Category 4  Category 1 Category 2  Category 3  Category 4  R - P95 (95% CrI) 

IHDA - P95 (95% 

CrI) 

HEG A 

Non-

informative 
0 0 0 100% 0 0 0 100% 7.42 (4.48-12.17) 7.07 (4.24-17.50) 

Historical data  0 0 0 100% 0 0 0 100% - - 

HEG D  

Non-

informative 
0 0.01% 7.73% 92.26% 

0 0 2.70% 97.30% 2.58 (1.83-3.92) 3.02 (1.96-5.45) 

Historical data  0 0.00% 2.26% 97.74% 0 0 2.70% 97.30% 
  

Pump 

Attendant 

Non-

informative 
0 1.16% 19.14% 79.69% 

0 0 10.50% 89.50% 2.61 (1.44, 5.50) 3.1 (1.53-10.7) 

Historical data  0 0.91% 25.99% 73.09% 0 0 10.50% 89.50% - - 

Exert 

judgments  
0 0 0.06% 99.94% 

- - - - - - 

Shuttle Car 

Operator 

Non-

informative 
0 0 0 100% 0 0 0 100% 5.52 (4.08, 8.01) 5.32 (3.67-8.94) 

Historical data  0 0 0 100% 0 0 0 100% - - 

Exert 

judgments  
0 0 0 100% - - - - - - 
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Figure 13: Example of the probability of the P95 exposure falling in the respective AHIA exposure control 

categories for Pump attendants. 
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CHAPTER 6: CONCLUSION  

Despite the best practices encouraged by DMRE-CoP in South Africa, sampling of so-called HEGs, 

and compliance testing methods used in the mining industry deviate from those used consensually 

internationally. This PhD study aimed to find new methods that can help improve the grouping of 

exposed workers and compliance testing in the DMRE. The findings generated from this study hope to 

address gaps in the DMRE-CoP sampling strategy and compliance testing in South Africa. 

The DMRE-CoP showed that more HEGs exposures complied with the OEL (2 mg/m3) compared to 

the international consensus approaches of compliance testing, e.g., CEN, BOHS, NvVA, and AIHA 

methods. Considering these findings, the DMRE-CoP might have underestimated overexposure. When 

applying the GSD threshold of three and the DMRE-CoP, subgrouping by job title into a SEG, typically 

has a higher degree of homogeneity agreement. Our findings suggest that the use of expert judgments 

to get prior information produce similar posterior probabilities of exposure with less uncertainty when 

compared to the use of historical data. In general, the findings of this PhD study suggest that future 

compliance assessments should be conducted using the proposed methods in addition to the current 

DMRE-CoP guidelines. The study findings encourage subgrouping of workers within a HEG according 

to job titles, compliance testing based on P95 exposure value. In addition, consider the use of prior 

information, either based on historical data or expert elicitation, and Bayesian methods.  

Moreover, the use of existing or further development of user-friendly statistical tools should be 

encouraged to improve the evaluation of occupational exposure assessment results in the coal mining 

industry in South Africa. 
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APPENDICES 

Appendix A: Coal Dust Data Capture Sheet 
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Appendix B: Ethics clearance certificate 
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Appendix C: Data permission letter  
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Appendix D: Bayesian modelling using non-informative prior distribution 
 

 

 
  

#remove all existing variables from work space  

rm(list=ls()) 

 

##Import data  

past.heg.1 <- read.csv("C:/Users /past heg 1.csv", sep=";") 

 

#Install R Packages  

install.packages("bayestestR") 

install.packages("ggplot2") 

install.packages("rstan") 

install.packages("insight") 

install.packages("dplyr") 

 

library(bayestestR) 

library(ggplot2) 

library(rstan) 

library(dplyr) 

 

#Past Data 

 

#New Data 

data_present <- log(present.heg.1$heg_1) 

n=length(data_present) 

 

oel=exp(2) ##oel=2 in SA 

thres=2 #upper bound for X95 

 

#Prior Specifications 

theta=m0; tau2=inf #produce non-informative prior bounds for mu from BDA 

# lower bound from BDA and upper bound changed iteratively 

mub=c(log(.0001*oel), NA) 

 

################## 

#sig2 ~ IG(a,b) 

# parameterization of the inverse gamma 

a=1/2; b=inf #the same as uniform prior on sig=log(GSD)  

#lower bound from BDA and upper bound vary iteratively 

sigb=c(log(1.05), NA)^2 

#The MCMC algorithm 

niter=20000 #20,000 iterations 

mu=sig=sig2=rep(NA,niter) 

 

#initialize the parameters 

mu[1]=0 

sig[1]=sig2[1]=1 

 

for(i in 2:niter){ 

  #specify upper bound for mu based on most recent value of sigma 

  mub[2]=log(thres*oel)-1.645*sig[i-1] 
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#update mu 

  mumu = (mean(data_present)/(sig2[i-1]/n) + theta/tau2) / (n/sig2[i-1] + 1/tau2) 

  musig= 1/(n/sig2[i-1] + 1/tau2) 

  #the inverse CDF method to sample mu 

  #if mub[1] < mu < mub[2], 

  #then pnorm(mub[1]) < pnorm(mu) < pnorm(mub[2]) 

  #where pnorm(.) denotes the appropriate CDF 

  u=runif(1,pnorm(mub[1],mumu,sqrt(musig)), 

          pnorm(mub[2],mumu,sqrt(musig))) 

  mu[i]=qnorm(u,mumu,sqrt(musig)) 

  #specify upper bound for sigma^2 based on new value of mu 

  sigb[2]=( (log(thres*oel)-mu[i])/1.645 )^2 

  #update sig2 

  # use the inverse CDF method 

  u=runif(1,pgamma(1/sigb[2],n/2+a, (1/b+sum((data_present-mu[i])^2 )/2)), 

          pgamma(1/sigb[1],n/2+a, (1/b+sum((data_present-mu[i])^2 )/2))) 

  sig2[i]=1/qgamma(u,n/2+a, (1/b+sum((data_present-mu[i])^2 )/2) ) 

  sig[i]=sqrt(sig2[i]) 

} 

#compute P95 using the samples of mu, sig 

postGMP= exp(mu) 

postgsd = exp(sqrt(sig)) 

x95 = exp(log(postGMP) + 1.645 * log(postgsd)) 

 

#Calculate the P95 exposure probabilities in each of the OEL categories 

Ecat<-ifelse(x95>c(log(oel)),4, 

             ifelse(x95>=(log(0.5*oel)) & x95<(log(oel)),3, 

                    ifelse(x95>=(log(0.1*oel)) & x95<(log(0.5*oel)),2, 

                           ifelse(x95<(log(0.1*oel)), 1, 0)))) 

table(Ecat)/niter   

 

#Calculate the posterior median of the GM, GSD and P95 

median(postGMP) 

median(postgsd) 

median(x95) 

##credible interval  

ci_etigm<-ci(postGMP) 

ci_etigm 

ci_etigsd<-ci(postgsd) 

ci_etigsd 

ci_eti<-ci(x95) 

ci_eti 

 

######End  
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Appendix E: Bayesian modelling using informative prior distribution.  
 

 
 

#remove variables from the work space  

rm(list=ls()) 

 

##Import data  

past.heg.1 <- read.csv("C:/Users /past heg 1.csv", sep=";") 

present.heg.1 <- read.csv2("C:/Users /present heg 1.csv") 

 

#Install R Packages  

install.packages("bayestestR") 

install.packages("ggplot2") 

install.packages("rstan") 

install.packages ("insight") 

install.packages("dplyr") 

 

library(bayestestR) 

library(ggplot2) 

library(rstan) 

library(dplyr) 

 

#Past Data 

prior_data=log(past.heg.1$heg_1) 

ybar0 = mean(prior_data) 

sy20 = var(prior_data) 

 

#New Data 

data_present <- log(present.heg.1$heg_1) 

n=length(data_present) 

 

oel=exp(2) ##oel=2 in SA 

thres=2 #upper bound for X95 

 

#Prior Specifications 

#n0=N; 

m0=ybar0; v0=sy20 

#mu ~ N (theta, tau2) 

theta=m0; tau2=v0/5 

#bounds for mu from BDA and upper bound changed iteratively 

mub=c(log(.0001*oel),NA) 

 

################## 

#sig2 ~ IG(a,b) 

# parameterization of the inverse gamma 

a=(5-1)/2; b=2/(v0*(5-1)) #the second parameter is inverted 

# lower bound from BDA and upper bound vary iteratively 

sigb=c(log (1.05), NA)^2 

 

#The MCMC algorithm 

niter=20000 #20,000 iterations 

mu=sig=sig2=rep(NA,niter) 
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#initialize the parameters 

mu[1]=0 

sig[1]=sig2[1]=1 

 

for(i in 2: niter){ 

  # upper bound for mu was based on most recent value of sigma 

  mub[2]=log(thres*oel)-1.645*sig[i-1] 

  #update mu 

  mumu = (mean(data_present)/(sig2[i-1]/n) + theta/tau2) / (n/sig2[i-1] + 1/tau2) 

  musig= 1/(n/sig2[i-1] + 1/tau2) 

  #since we're using a truncated normal, 

  #we use the inverse CDF method to sample mu 

  #if mub[1] < mu < mub[2], 

  #then pnorm(mub[1]) < pnorm(mu) < pnorm(mub[2]) 

  #where pnorm(.) denotes the appropriate CDF 

  u=runif(1,pnorm(mub[1],mumu,sqrt(musig)), 

          pnorm(mub[2],mumu,sqrt(musig))) 

  mu[i]=qnorm(u,mumu,sqrt(musig)) 

  #specify upper bound for sigma^2 based on new value of mu 

  sigb[2]=( (log(thres*oel)-mu[i])/1.645 )^2 

  #update sig2 

  #again using the inverse CDF method 

  u=runif(1,pgamma(1/sigb[2],n/2+a, (1/b+sum((data_present-mu[i])^2 )/2)), 

          pgamma(1/sigb[1],n/2+a, (1/b+sum((data_present-mu[i])^2 )/2))) 

  sig2[i]=1/qgamma(u,n/2+a, (1/b+sum((data_present-mu[i])^2 )/2) ) 

  sig[i]=sqrt(sig2[i]) 

} 

 

#compute P95using the samples of mu, sig 

postGMP= exp(mu) 

postgsd = exp(sqrt(sig)) 

x95 = exp(log(postGMP) + 1.645 * log(postgsd)) 

 

#Calculate the P95 exposure probabilities in each of the OEL categories 

Ecat<-ifelse(x95>c(log(oel)),4, 

             ifelse(x95>=(log(0.5*oel)) & x95<(log(oel)),3, 

                    ifelse(x95>=(log(0.1*oel)) & x95<(log(0.5*oel)),2, 

                           ifelse(x95<(log(0.1*oel)), 1, 0)))) 

table(Ecat)/niter   

 

#Calculate the posterior median of the GM, GSD and P95 

median(postGMP) 

median(postgsd) 

median(x95) 

##credible interval  

ci_etigm<-ci(postGMP) 

ci_etigm 

ci_etigsd<-ci(postgsd) 

ci_etigsd 

ci_eti<-ci(x95) 

ci_eti 

 

######End  



 
 

108 
 

Appendix F: Experts general information sheet 
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Appendix G: Experts Elicitation Questionnaire 
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Appendix H: Compliance Testing and Homogenous Exposure Group Assessment 

in the South African Coal Mining Industry 
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Appendix I: Bayesian Hierarchical Modelling of Historical Data of the South 

African Coal Mining Industry for Compliance  
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Appendix J: Bayesian Hierarchical Framework from Expert Elicitation in the 

South African Coal Mining Industry for Compliance Testing 
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