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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, | developed an interest in exposure science and advanced
biostatistics. | 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 (TWAS8h). 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 Obijectives: 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. Toinvestigate 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. Toinvestigate 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 HEGSs' 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 hadl 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 (Crl) 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.



1.1. Coal

Coal refers to flammable, carbon-like, sedimentary rocks containing carbon and hydrogen.'- 2 Figure 1
depicts the coal feature.® 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.* Anthracite, bituminous, black lignite, and lignite peat are the four subcategories of coal.®
Coal have a higher combustibility because of free radicals.® 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”.” In the coal mine, these

mechanical tasks are often performed.

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



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.® Global coal consumption is predicted to increase
by 2040 at a rate of 1.5% annually.® China produces the most coal globally, followed by India, the USA,
and Indonesia.®® 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
2025.1° In year 2019, about 36% of the total fuel used to produce electricity around the world came

from coal .1t



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.*2 The South African annual coal production is estimated to be 258.9 million tons.!? 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.'> 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%).%2 Figure 3
shows an example of underground coal mining in South Africa.* In other words, it is either underground
mining or surface mining, with depths typically not exceeding 300 meters.* South Africa's coal mine
fields are primarily found in the provinces of Mpumalanga, Limpopo, and KwaZulu-Natal.* 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.* 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.* 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.* Inhaling respirable coal dust increases the risk of getting coal mine dust lung disease
(CMDLD), also known as coal worker's pneumoconiosis (CWP).%61” The CWP poses a serious threat
to coalmine workers. Inhaling respirable dust, which is typically less than 10 um in size D50 =4 um
and invisible in ambient light, damages the lungs. The accumulation of dust particles in the lung can
result in tissue inflammation and scarring.® 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.'® 2°

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.?* Soutar et al,
19932 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 & Seixas?. 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.?* 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.? 2 All of these products are found in coal

dust, which is produced during coal mining activities.



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.* 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/m?. The exposure of an individual to dust is defined as an eight-hour time-weighted average
(TWAB8h). The exposure of groups can also be categorized into four exposure categories, as a fraction
of the OEL.*?” Table 1 lists the categories for exposure control groups and the sampling method for
homogenous exposure groups (HEGS) in the DMRE-CoP.?"%8

Table 1. The exposure classification categories and the sampling strategy in the DMRE-CoP?" 2°

Category Description ISE:‘::::;.’:H Exposure Profile Minimum Frequency
ot || et
I 10% of the OEL 10%of | POO<0.1%OEL | ¢ olted 10% of the OEL will be reported under
the time ;
this category
Exposures exceed 10% Sample 5% of workers within a HEG
5 of the OEL and less Po0=010EL = Highly controlled on an annual basis with a mimnimum of
than 50% of the OEL 0.5 OEL Y 5 samples per HEG, whichever 1s
10% of the time greater.
Exposures exceed 50% Sample 5% of workers within a HEG
3 of the OEL and less P90 =050EL = Adequately on a 6-monthly basis with a mimmum
than OEL 10% of the OEL controlled of 5 samples per HEG, whichever 1s
time greater
Sample 5% of workers within a HEG
Exposures exceed the on a 3-monthly basis with a minimum
4 OEL 10% of the time P30 = OEL Poorly controlled of 5 samples pB:ar HEG, whichever is
greater




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.?” 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.?”? The exposures of job titles are not considered at this point.

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

HEGs Specific job titles found in a HEG
HEG A Pump attendant

Rootbolt operator

Shuttle car operator

HEGB Pump attendant

Rootbolt operator
Safety officer

Other countries employ the approach of similar exposure groups (SEGSs) 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.% 3 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, 2022%?, a representative

sample is likely to provide an estimate for the remaining workers in a SEG.



The American Industrial Hygiene Association (AHIA) guidelines have criteria for establishing SEGs.*
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.®

Table 3. Description of observational approach in AHIA.

Process Job Task Environmental Agent
Coil coating Coal coat operator Coal feed Noise

Coil coating Coal coat operator Discharge 2-butoxyethanol

Coil coating Coal coat operator QC MIBK

Coil coating Coal coat operator Clean up MIBK

Coil coating Coal coat operator Clean Cyclohexanone

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.3*% 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)®* guidelines and European
standards (CEN)® 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.



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.? 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.?° 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.3 3 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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Log-normal Probability Density Function
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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 p and the variance o 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

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

1 _1(103(x)—u)2

e 2 o
xoV21

f(x) =

Where p is the geometric mean (GM) which is the mean of the log-transformed data x, and o 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 AHIA® and BOHS-NVVA?®® 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.®® *" 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.*’
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%.% 27 The probability should be at most 30%, that 5% of the
exposures are above the OEL.3® 3 Additionally, according to the AIHA, there should be less than 5%
probability, that the actual P95 of the exposure is above the OEL.?2 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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Form SEG Take 3 samples
(Section 3.2) (Section 3.3)

Screening test

Are any of
the three > OEL?
(Section 3.3)

Improve Yes

Are all three samples

controls <0.1 OEL? (Section 3.3)

Take 6 more samples
(Section 3.4)

Is the group
compliance test passed?
(Section 3.4)

Group compliance test

Apply ANOVA
(Section 3.5)

Are between-worker

differences important?
(Section 3.5)

Individual
compliance

Is the
test

individual compliance
test passed?
(Section 3.6)

Test individual compliance
(Section 3.6)

Routine monitoring

(reassessment) y
(Section 3.8)

Figure 5. The British and Dutch guidelines occupational exposure assessment strategy. Source:
https://www.arbeidshygiene.nl/-uploads/files/insite/2011-12-bohsnvva-sampling-strategy-
guidance.pdf.
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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)* is used by the AIHA and BOHS-

NVVA to assess homogeneity.* 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).3” 4! 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.% If the p-value is less than 0.05, then
the GM of exposure between the groups are different. The between-worker GSD (GSDyy and within-
worker GSD (GSDy) can also be calculated, where GSDy is the overall variability of exposure and
GSDy, is the individual exposure variability.*-42

Table 4 shows the various methods used in this study for assessing homogeneity and compliance
testing.2>%3" 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.%
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Table 4. The methods used to assess compliance and homogeneity.

Methods based on various guidelines

Compliance DMRE CoP CEN/BOHS-NvVA ATHA
testing For data to be The P90 of the data The P95 of the data The P35 of the data should
compliant should be below the should be below the OEL | be below the OEL
OEL
Assumption of | Normal distribution Lognormal distribution Lognormal distribution
the underlying
data
Degree of None T70% 95%
certainty
Guidelines used by various methods
Assessment of DMRE CoP Global GSD R-ratio
Homogeneity | For data to be The AM and P90 A GSD of 3 or less was The R-ratio point estimate
regarded as values must fall within | vused to confirm of 95% and 90% of the
homogenous the same OEL homogeneity workers, where a ratio of 2
exposure band for or less was considered
homogeneity homogenous
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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. Toinvestigate 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. Toinvestigate 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.% 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.% 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.*> ¢ The amount of time spent at coal mining
sites and the work activities may have cumulatively harmful effects that result in developing CMDLD.#
According to empirical data by Torres et al, 2014%® , 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.*® According to the information that is currently available, there were 25 cases of
CWP per 1,000 coal mine workers in South Africa.*® 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.%
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.® 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.%? 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.%°
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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.>* 5 Bayesian statistical
analysis methods have become very popular in scientific research and have been widely used in
industrial hygiene for exposure assessment.* ¢ Bayesian statistics have been used to determine the
likely AHIA exposure control category from a SEG by Hewett et al, 2006°". 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.%’
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Figure 6. Prior, likelihood and posterior decision charts for industrial hygiene from the BDA.>

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.5®
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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EXPOSTATS® 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 AltrexChimie®®, HYGINIST®!, IHDataAnalyst®?, BW_Stat v3%, and IHSTAT.® 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 guantity of exposure.% 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.% ¢

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 result6" %

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.®® Cooke's classical method has been applied in North America with the Great Lakes
fisheries™ and prediction in the rise of sea level and ice melt.”* 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.” Another protocol is
the Delphi technique used previously only for forecasting.” Recently the DELPH tool is also used for
eliciting judgments from experts. ’® The Delph method employs both mathematical and behavioural
aggregation. Another protocol used for structured expert elicitation is the IDEA.”” 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.”"®
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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.

Current definition of HEGS This research intended definition of HEGs by Job titles (objective 1)

%‘—tg Jobtite 1
y

Job title 2

$
5{' Job title 3 \

Bayesian approach, 95% (historical and experts data as prior)

SAMI CoP using
empirical arithmetic
mean and P90
HEGs defined regardless /
of different job titles in a C T
2L ompare estimates
common air intake area. from SAMI and
ngll riskjobs are not Bayesian against |Likcli|n)od| | Data | | Prior |
considered separately OEL
\ i\ /
NG
\

Over or under estimation of certain a specific job .
title coal dust exposure level in workers S
Posterior Distribution

4
Policy recommendation

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.®

3.1.1. Data Collection

Sampling was done by using a stratified and random method to select 5% of the workers from a HEG.?
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 I/min. The calibration was done both before and after sampling to ensure
guality 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 um 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 0600.2° The gravimetric sampler was created because
of the Federal Coal Mine Health and Safety Act of 1969, which requires compliance dust sampling.
To obtain the eight-hour time weight average dust concentration (TWA8h) concentration expressed in
mg/m?3, the gravimetrically calculated coal dust mass (mg) was translated to a 480-minute sample time.
The TWAB8h 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 TWAS8h concentration is calculated
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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.®? 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.”” 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.’8

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/m® 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 Methods of Analysis PhD outcomes

description

1 This is secondary data collected Arithmetic means and Paper 1: Compliance Testing and
To compare compliance of | according to the above procedure in | HEGs Categorical | Standard deviation. Homogenous Exposure Group
HEGs by using DMRE's data collection section Geometric mean and Assessment in the South African
current practice with Job titles Categorical | geometric standard Coal Mining Industry.
international consensus deviation for lognormal
methods (CEN/BOHS- 8-hour TWA Continuous | data.

NVVA and AIHA coal dust

approaches). concentration DMRE-CoP using P90
percentile.
International approaches
using P95 with 70 and
95% UCL.

2 To compare within-group As above HEGs Categorical | DMRE-CoP: both Paper 1. Compliance Testing and
exposure variation by the arithmetic mean and P90 Homogenous Exposure Group
introduction of job titles. Job titles Categorical | must fall within an Assessment in the South African

exposure category. Coal Mining Industry.
8-hour TWA Continuous
coal dust GSD>3 to indicate non-
concentration homogeneity.

The Rappaport Ratio, the

ratio of the most exposed

divided by the least

exposed using 90 and 95%

Analysis of variance

3 To compare the posterior As above HEGs Categorical | DMRE-CoP using P90. Paper 2: Bayesian hierarchical
probabilities of the P95 of modelling of historical data of the
the non-informative and 8-hour TWA Continuous | Bayesian statistics, using South African coal mining industry
informative prior (from coal dust informative prior from for compliance testing.

historical data) in the
Bayesian framework and

concentration

historical data and non-
informative prior to have
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DMRE-CoP relative to the
OEL categories.

probability of exposure in
each exposure category.

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 = (y;...,..,..,yn) With n being the sample size given the model
parameters 0, denoted as the likelihood p(y|0). °* * 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 8, p(8).
The joint probability mass or density function is a product of the prior distribution p(6) and the
sampling data p(y|0). Lastly, the inference is drawn from the posterior distribution as P(6|y) where P

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

p(oly) = = s = CP(100p(®) = PIOPEO) (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(8/y) «P(y/0)xP(6) (2)

Where the P(y/0) is the information from the current monitoring data and P(0) 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. 535
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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.*344
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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/m? 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. *° 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/m® 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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Calculation parameters

Descriptive statistics

parameter value
Exposure limit
n &

2 Proportion censored 0
Exposure limit Minimum 0.11
multiplier .

25th percentile 0.255

1 Median 1.22
Credible 75th percentile 2.48
interval Maxi 31
probability xmum :

Proportion >OEL 50%
95
Arithmetic mean 1.41
Ov
VErexpostre Arithmetic standard deviation  1.34
risk threshold
Coefficient of variation 25 %
30
Geometric mean 0722
Data Geometric standard deviation 4,22
0.23
21 Figure 8: Estimating parameters of the lognormal
' distribution and comparison to the OEL in EXPOSTATS.
3.1 Source: Tooll: Data interpretation for one similarly exposed
0.11 group (shinyapps.io).
0.33
2.6
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Risk analysis based on the 95th percentile

Selection of the critical
percentile

35

Risk decision
= Criterion defining overexposure:
25th percentile =z OEL

= Uncertainty management : based on the Bayesian model, the probability that this criterion is met
{overexposure risk) is:

97.4%

= Uncertainty management : The probability of overexposure (overexposure risk) should be:
< 30%

= Asa consequence, the current situation is declared:

Poorly controlled

Parameter estimates - Distribution
The geometric mean point estimate and credible interval are: 0.72[0.22-2.4]

The geometric standard deviation point estimate and credible interval are: 3.8[2.3-12]

Parameter estimates - 95th percentile
The point estimate is: 6.46
The credible interval is: [ 1.98 - 63.7 ]

Figure 9. EXPOSTATS tool 1 risk analysis. Source: Tooll: Data interpretation for one similarly exposed

group (shinyapps.io).
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The prior distribution installed in EXPOSTATS was weakly informative prior.

e For the GM, a uniform prior distribution that was only marginally informative was applied.®®
A uniform prior distribution for mean u of HEG exposure expressed as the GM was specified
as -20 and 20 mg/m? for the lower and upper bound, respectively. When expressed as the GM,
the values were bounded between 2.10°*OEL and 5.108*OEL, with 95% of the distribution
lying between 6.10°*OEL and 2.10%*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(u)~U(po,11) Where py and py are the lower and upper

bound of prior on GM.

e EXPOSTATS used priors estimated by McNally et al, 20148 for the GSD. For the prior on the
GSD, EXPOSTATS demonstrated that lognormal data generates a GM of 0.84 for ¢ similar to
a GSD of 2.32 for exposure .
The mathematical expression for the variance is p(o)~LN(u*, o*) where p* is the log-mean of
the prior lognormal distribution for o and o™ is the log-standard deviation of the prior lognormal

distribution for o.

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 & 8 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 Y, is the current monitoring data, then the log-transformed, y; = log (Y,,) and observations y; =
(Yits++»++»+-,Vin), Where n is the sample size, with the data y; ~ Norm(y, 62). The exp(p) is the
geometric mean (GM), and exp(o) is the geometric standard deviation (GSD). The likelihood function

of the current monitoring exposure data is presented below:

n

. _ 1 1 (logy; — W)°
];[(yim. =] [ mexp{—gT} ©

i=1

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

monitoring data.
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Suppose Nca is the number of South Africa OEL exposure categories, and R is the random variable
showing the categories, say Re {1,2,3..,...N.,:}. The proposed model aimed at classifying the
exposure into one of the Ncx categories. Therefore, making R a random variable in the model directly

produces posterior distribution within the Bayesian hierarchical framework.8% 8
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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, 2017%. Appendix D contains the R codes for the non-informative

prior distribution.

For the GM, the assumption is that p is uniformly distributed p = LnGM~Unif(a,, b,,) and with the
bounds u € (a,,b,) where aand b are the lower and upper bounds of the mean, respectively.

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

distribution is in equation 5

(4)

p(p) = xIf{p € (ay, b} < Ifp € (a, by}

by, —ay

p(u|Y) oc LN(y;|w) % I{p € (a,, by)}. (5)

For the GSD, the variance o2 follows a uniform distribution with ¢ = In G SD ~ Unif(ag, by), and
with the bound 62 € (a4, bg), Where a and b are the relaxed lower and upper bounds of the variance,

respectively.
Therefore, prior variance o2 with uniform distribution is shown in Equation 6 with the posterior

distribution in Equation 7:

p(oz) = {02 € (aq bc)} o1 (6)

p(c?|Y) « LN(yi|6?) x {6? € (ag, bs)} (1)
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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.20178¢,
Appendix E shows the R codes for the informative prior distribution. For informative prior, if Yy, is

the historical data, then the log-transformed data y;, = Log(Y},) with ny observations, sample mean,

Yo = XVio/no and sample variance s5, = Y. (yio — ¥0)?/(no — 1) .

For prior GM, y, the historical data follows normal distribution, y;o ~ Norm(y, 62), then the mean,
Vo ~ Norm(y, 62 /ny), similarly, y, — p~Norm(0, 62 /n,. If ¥, is random guantity and p is an

unknown fixed value, can change functions of these parameters by putting p as a random quantity and
replace ¢? with the prior estimate Sf,o , so that u takes the form:

w ~ Norm(¥, Syo/no) 8

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

p(ulY, 0%, Sy0) < (Y|, 6%) X p(1|¥o, s570)

x exp[ (y ll) X exp (;'020/“) ] X I{u € [a bu]}
Sy

X exp (Ll EM| )] I{ E[a bu]}

Where E[y].] = V[ul-](i—z noyyo) [ul.]= (; +:TO)_1

This shows that p(p|Y, 6%,Y, SSZ,O) ~ Trun — Norm(E[p|.], V[u]. D[awbu] 9
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Informative Prior Specification for the Geometric Standard Deviation
For GSD, o2, 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 62 the expression that:

2
(no - 1)Sy0 _ 2

- L)

where 3 is the chi-square distribution with (no — 1) degrees of freedom.

Now let’s proof that indeed the above expression

Suppose W:

n
W= Z Y10 — ll (11)
1

i=

By adding 0 to each term:

W= N <(Yio - }_’0)6"‘ o — H))z 12)

i=1

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

W= ZH: <(le y°)> + Zn: (%“)2 +2 (y%)zn:(ym -) (13)
i=1

i=1 i=1

The last term in Equation 13 is 0:

W=2 (Yo u) N (vio—) since Y(yio — Vo) = nyo —ny, =0 (14)

Now W changed to:

n — 2 — 2
(Yio — ¥o) (Yio — ¥o)
W= ) SEGTE 4 SRgTE (15)
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Recall that sample variance:

2 _ Y(Vio — ¥0)?

Syo = (e —1) (16)

Multiple both sides of the above equation by (ny, — 1):
(o — Dsgo = X(yio — ¥0)* (17)

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

_ ¥io — W\ _ (=18 nF - w?
W-Z( - ) - a7

n
i=1

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(y, §2) :

n 2
Z <(Y108 P-)) (18)

i=1
Therefore,
5
is a standard normal distribution. Squaring a standard normal variable equal to a chi-square random

(19)
variable with 1 degree of freedom

L 2
Therefore }}iL (%) 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 My (t) = (1 — 2t)™"/2
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= _ N2
Fort < %the second term on the right side of W after the equal sign n(y(36_2u) is chi-square (1) random
variable, since the sample mean is assumed approximate normally distribution with mean 1 and

variance §%/n

Therefore Z = %~N(O,1) is a standard normal variable. By squaring Z , a chi-square random

variable with 1 degree of freedom is observed as Z? = %w&(l) . And the moment generating

function of Z2will be M2 (t) = (1 — 2t)~1/?

From Equation 10, 532,0 was a sample random variance from the historical data, while o2 is a fixed

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

variance sZ, from the historical data or expert judgement. Take that x3 _ = Gam (“"2—1 ,2 ) where
the second parameter is the scale parameter. From the gamma distribution,

(no — 1)53210 ng—1

Yz Gam( > 2)
Multiple both side by (ny — 1)sg, so that

1 camm (M0 1 2

— ~ Ltam ,

02 2 "(ng—1)sg

ng—1 (ng— 1)s2
02~IG<02 R0 2)y°> (20)

Forng > 1, where IG (a, b) is an inverse gamma distribution with shape parameter a and scale
parameter b.
Therefore,

a=(ny—1)/2

21
b =2/(sjp * (ng — 1)) &Y

The full conditional for o which was based on truncated inverse gamma prior distributions:
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p(a?|Y, 1, Yo, 550) ¢ P(YI1, 6%) X p(0?[¥o, S50)

n(y — w?*+ (ny — 1)53270
P~ 202

_n+n0—1_
x (02)” 2z ‘ex

x 1{o? € [aghy]}

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

n+ny,—1 nF—w?+ (ng — sy
2 ’ 2

p(0?|Y, 1, Vo, S50) ~ Trunc — IG( ) [as, bs]  (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.® 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)®, and the bayestestR package® 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 stationary®!, 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.? 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 package® 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.

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

Experts
A B C D E
Quantiles % % % % %
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 shapshot 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.

SHELF: individual distributions

Number of experts
2

Input method
@ Quantiles

) Roulette
Cumulative probabilities

025,05, 075

Distribution

Histogram -
Exclude log-t and mirror log-t from best fit
x-axis limits
1.5
Linear pool
] Display linear pool
Parameter (x-axis) label

%

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

Judgements PDF Tertiles Quartiles Help

Enter the judgements in the table below, one column per expert. Enter lower plausible limits in the first row, upper plausible
limits in the last row, and quantile values in between, corresponding to the cumulative probabilities.

A B c D E
L 0 0 0 0 0
0.025 55 40 35 50 60
0.5 61 49 42 79 80
0.975 80 71 66 91 97
u 100 100 100 100 100

Figure 11: The SHELF multiple expert tools for entering individual expert's judgements.

68



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.
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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 u and o2 and P95 using suggestions from BDA." % 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.20172%. 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 1) 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/m?®). The highest concentration of GM
was found in HEG H (1.70 mg/m?), 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%).
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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.

72



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/m?) than the OEL of 2 mg/m?.
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% Crl were comparable across all HEGs. In comparison to
the informative prior, the P95 is lower, and the 95% Crl is wider in the non-informative prior, according
to five out of nine HEGs. The wider 95% Crl 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, 2019%, 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.”
838 |n 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,®: % 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, 2006% 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.®” 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.%* 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 HEGsS, 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. %% 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 .%

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, 1993, 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, 2006 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.*

79



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.?® 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% Crls 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.® 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.® 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.%? 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% Cls 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% Crl 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. 1°31% 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 %, 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.1%

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.®
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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, 1995%*, 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.*® 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. 11% 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. Incases of lack of historical data or unavailability of expert knowledge, future research should
consider using exposure models®, 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 the P90 of

measurement data for compliance testing.

uses the

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
irreversible

dust which could cause 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

The DMRE-CoP states that the AM and
P90 should fall within the same exposure

It is not clear if the HEGs are homogeneous given how they
are constituted and if the job title's homogeneity of exposure

The HEGs showed a high level of heterogeneity in exposures. The need for
alternative grouping using job titles within HEGs will improve similar exposure

and job titles category for the HEG to be homogenous. | status is the same as that of the parent HEGs. profiles.
While the homogeneity of HEG is | The comparison of the known methods to see if they agree
determined  using several methods | will help ascertain if the DMRE approach of sampling and
including ANOVA, GSD and the Rapaport | statistical analysis is appropriate.
ratio based on lognormal data.
Bayesian ~ framework | The DMRE-CoP uses P90 of a present data | Bayesian analysis has been used in exposure data analysis. | A confident decision can achieve when using historical data in compliance

using historical data of
HEGs for compliance

set for compliance. Yet occupational

exposures are assessed using the Bayesian

The P90 does not use a level of uncertainty to give
confidence to the decision-makers about exposure risk.

testing. The importance of the informative prior is highlighted with reduced
uncertainty when interpreting the probability of exposure in any of the exposure

testing framework because of its ability to categories.
incorporate earlier information in the
analysis.
Bayesian ~ framework | From the first two study objectives (above), | Expert judgements can be subjective; therefore, it is | The use of experts in exposure assessment is important as uncertainty is reduced

using expert judgements

for compliance testing

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.

important to know if the findings are similar when compared
to compliance testing using historical data or non-

informative prior.

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, AltrexChimie®®, HYGINIST®, IHDataAnalyst®, 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 1) 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
IHDA - P95 (95%
Category 1 Category 2 | Category 3 | Category 4 | Category 1 | Category 2 | Category 3 | Category4 | R-P95(95% Crl) | Crl)
!\Ion- . 0 0 0 100% 0 0 0 100% 7.42 (4.48-12.17) | 7.07 (4.24-17.50)
HEG A informative
Historical data | O 0 0 100% 0 0 0 100% - -
Non- 0 o 0
HEG D informative | ° 0.01% 7.73% 9226% | 0 2.70% 97.30% 258 (1.83-3.92) | 3.02 (1.96-5.45)
Historical data | O 0.00% 2.26% 97.74% 0 0 2.70% 97.30%
Non- o o 0
pumn informative | ° 1.16% 1914% | 79.69% |, 0 1050% | 89.50% 261 (1.44,550) | 3.1 (1.53-10.7)
u i i 0 0 0,
Attendant :ISIOI’IC&| data | O 0.91% 25.99% 73.09% 0 0 10.50% 89.50% } }
Exert 0 0 0.06% 99.94%
judgments - - - - - -
N(f)n' . 0 0 0 100% 0 0 0 100% 5.52 (4.08, 8.01) 5.32 (3.67-8.94)
Shuttle Car informatlve
o Historical data | O 0 0 100% 0 0 0 100% - -
perator Exert
Xer 0 0 0 100% - - - - - -

judgments
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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 HEGsS,
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/m?®) 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

Client name:

Sampling Period: 01/07/2018 - 31/12/2018

Samplin: uarter: Quarter 1 February 2018

FULL SHIFT GRAVIMETRIC SAMPLING OF AIRBORNE PARTICULATE CONTROL SHEET

PERMISSIBELE DUST EXPOSURE LEVEL PER 8HOUR SHIFT:

Coal dust = 2ma/m®

silica= 0.1mg/m?®

100

Sampling Area Area |HEG Shift DME Filten Instrument Persons Coy or ID Cccupation Twa | Silica
Date Description Number Sampled Codes Number Number Name Number mg/m? | mgym®
Remarks
Signatures
COLLIERY VOHE OFFICER VOHE SUPT. VOHE MANAGER
Date: Date: Date:
SHAFT ENGINEER SHAFT MANAGER ENGINEERING MANAGER
Date: Date: Date:
MINING MANAGER GENERAL MANAGER
Date: Date:
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Appendix C: Data permission letter

Addendum to D ion Agre nt b AngioAmerican South Africa and the University of the
Witwatersrand as per 19 May 2014

Memorandum of Agreement Data-Sharing and Usage

This agreement establishes the terms and conditions under which the University can acquire and use
data from the Donor.

Preamble

The parties agree to cooperate in the pursuit of academic research activities in the field of occupational
heaith and hygiene. The Donor will facilitate such research activities by providing access to relevant data
to the University, i.e. the Wits School of Public Health (WSPH) staff and post-graduate students .

1. The confidentiality of data pertaining to individuals will be protected as follows:

a. The data recipient will not rel the of individuals, or information that could be linked to
an individual, nor will the recipient p the results of data lysis (including maps) in any
manner that would reveal the identity of individuals.

b. The data recipient will not release individual addresses, nor will the recipient present the results of
data analysis (including maps) in any manner that would reveal individual addresses.

2. The data recipient will not release data to a third party without prior approval from the Donor.

3. The data recipient will not share, publish, or otherwise release any findings or conclusions derived
from analysis of data obtained from the data provider without prior notification to the Donor.

4. Data transferred pursuant to the terms of this Agreement shall be utilized solely for the purposes set
forth in the “Donation Agreement”.

5. Any third party granted access to data, as permitted under condition #2, above, shall be subject to
the terms and conditions of this Agreement. Acceptance of these terms must be provided in writing
by the third party before data is released.
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Appendix D: Bayesian modelling using non-informative prior distribution

#remove all existing variables from work space
rm(list=Is())

##Ilmport 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=mO; 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)

HEHHHHH R R R

#sig2 ~ 1G(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]=gnorm(u,mumu,sgrt(musig))
#specify upper bound for sigma”2 based on new value of mu
sigh[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*0el)) & x95<(log(0cel)),3,
ifelse(x95>=(log(0.1*0el)) & x95<(log(0.5*0el)),2,
ifelse(x95<(log(0.1*cel)), 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

H#HHEN
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Appendix E: Bayesian modelling using informative prior distribution.

#remove variables from the work space
rm(list=Is())

##Import data
past.heg.l <- 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)
ybarO = 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;

mO=ybar0; vO=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)

R S S

#sig2 ~ 1G(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(NAniter)
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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,sgrt(musig)),
pnorm(mub[2],mumu,sgrt(musig)))

muli]=gnorm(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(l/sigb[2],n/2+a, (1/b+sum((data_present-mu[i])"2 )/2)),
pgamma(l/sigb[1],n/2+a, (1/b+sum((data_present-mu[i])"2 )/2)))

sig2[i]=1/ggamma(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*0el)) & x95<(log(cel)),3,
ifelse(x95>=(log(0.1*oel)) & x95<(log(0.5*0el)),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

#HiHH#HHHENd
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Appendix F: Experts general information sheet

Experts Elicitation
Instruction for the experts

Based on the 95th percentiles (P95) value of the eight-hour time weighted average (TWASh) coal dust
concentration distribution for a specific job title, question (a) will ask you to rate (in percentages) where
you think the chances are (or the likelihood 1s) that the P95 would be in each of the occupational
exposure category. Instruction: If you think that it is absolutely clear that it will fit in exposure category
4, you fill in 100% and leave the rest of the categories empty; if you think that the highest chance is
(most likely) that the P95 will be in exposure category 4, e.g., 80%, but there also a chance that it will
be in category 3, say 20%, you fill in 80% for category 4 and 20% for category 3. The total sum of the
percentages should be equal to 100. Therefore, you have to distribute your ratings in categories in a way

that the total is 100%.

The next question (b) asks yvou to give the range (minimum-maximum) of the percentages that you
answered to question a (your best estimate).

Question (c) 1s about your level of confidence that the answer(s) you gave to questions an and b are
correct. Please bear in mind that this is about your level of certainty and is different from the estimated
distribution of the P95 over exposure categories, as was asked in questions (a) and (b).

Table 1 is the description of the exposure categories. Below are the three questions that you can use to
put your rating in percentages in Table 2 for each job title. For question a, please make sure your
answers are equal to 100%.

Expert elicitation questions for Table 2 (please give all answers in percentages)

a) Based on your experience in the industry, what would be your best possible guess in
percentages, of the P95 of exposure concentrations being located in each of the exposure
categories?

b) What would be the maximum and minimum percentages in each of the exposure categories?

¢) How sure are you that the above answers are correct?
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Appendix G: Experts Elicitation Questionnaire
Experts rating. Kindly give a value between 0 and 100% (for example, 10%, 15%, or 60%). No value should exceed 100%.

SA exposure categories, Coal dust OEL (2mg/'m3)

Job titles Ratings PO5= 0.1% QEL P95= 0.1 QEL &< 0.5 QEL P85z 0.5 OEL & <OQEL P95= OEL Total (%)

Job title X (This is an example say for | a 40% 3% 20% 353% 100

expert 1) b 20% to 70% 0to 15% 2% to 30% 30 to 00%%
C 70% sure 30% sure 80%a sure 100% sure

Beltzman a 100
]

CM Operator a 100
b

Conveyer belt Attendant a 100
b

Emico Drver a 100
b

Electrician a 100
b

Face Boss a 100
b

Pump Attendant a 100
b

Roofbolt Operator a 100
b

Safety Officer a 100
]

Shuttle Car Operator a 100
b

a) Bazed on your experience in the industry, what would be your best possible guess in percentages, of the P93 of exposure concentrations being in each of the exposure categories?

i) What would be the maximum and mimimum percentages in each of the exposure categories?

c) How sure are vou that the above answers are correct?

109




Appendix H: Compliance Testing and Homogenous Exposure Group Assessment
in the South African Coal Mining Industry
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Abstract

Ohbjectives: Globally, seversl strategies for compliance tasting and within-group exposure variability
hawve been suggestad. This study aimed to evaluate the performance of the South African Mining
Industry Code of Practice (SAMI CoP] approach for grouping and compliance testing against inter
national standards.

Methods: A total of 28 homogenous exposure groups (HEGs) with 728 underground coal mine
workers” eight-hour time-weighted average coal dust concentration dsta were obtained. Compliance
testing was sssessed using 10% exceedance sbove occupational exposure limit (OEL) for SAMI CoP
and the 95th parcantila of the lognormal distribution wes computed for the European Standardization
Committea ([CEM) and American Industrial Hygiene Association (AIHA). Comparison of the homogen-
eity of the HEGs was done betwsaeaen SAMI CoP which mandates that both the arithmetic mean {(AM)
and 90th percentilea must fall in the same axposure band to certify homogeneity and the global geo-
metric standard dewiation (G50} and Rappaport ratic |f-ratio) with specific acceptability criteria. To
test the homogeneity of exposure within job titles, eight non-homogenous HEGs that have two or
miore job titles with three messurements were investigated using G50 and the SAMI CoP criteria.
Results: A total of 21 HEGs owt of 2B were non-complient to the DEL across SAMI CoF, CEM, and AIHA
criteria. Compliance to the DEL was observed for seven HEGs according to the SAMI CoP approach,
whereas only one HEG was compliant according to both the SAMI CoP and CEM approsches. The
G50 critarion and 5AMI CoP rewealed that 11 and 6 HEGs weare homogenous, respectively, and only
on 4 occasions, the 2 approaches agreed. The job titles of the majority of non-homogenous HEGs in
both SAMI CoP and G50 were actually homogenows. Five out of 10 sub-groups have their AM sbowve
that of HEG B. Other HEGs had at least one of their AM and 90th percentile values sbowve that of their
respective parent HEGs.

& Tha Autheris| 2021, Publishad by Dxfard University Prass on bahal of the Brifsh Decupational Hygiana Sacicsy.
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Conclusions: All three approaches mainly confirmed non-compliance of HEGs. SAMI| CoP tended
to show compliance of HEGs more than CEM. Mon-homogenous HEGs had many job titlas that
ware homogenous sccording to both SAMI CoP and GSD criteria. There was no perfect agree-
meant of homogeneity by all the indicators. For both future constitutions of HEGs as well 85 a
retrospective assessment of high exposure groups, homogeneity can be improved by using job

titlas.

Keywonds: Code of Practice; exceedance critenia; indicators of homogeneity; occupationsl exposure limit

What's Important about this paper

Coal dust exposure level above the occupstional exposure ImIt (OEL) posss 3 risk of davaloping lung dis-
eases In the coal mining Industry. Using an appropriate strategy for the ldentiNcation of highly exposad
workers Is Important for evidence-based Intervention and prevention management. This manuscript com-
pared thres methods of determining the extent of non-compliance with DELS SMong homMOgEns Exposure
groups of coal mine workees In South Africa. The South African Mining Industry Code of Practice method
was found to ba lass conservalive than other mathods evalustsl.

Introducti
In the Soath African Mining Industry [SAMI), the
Mine Health Safety Act (MHSA) 29 of 1996 is a law
guverning occupational health and safety in the South
African [SA) mines. Some of the regulations are that
mines muast have health and safety management proto-
cols which indlude workplace exposares risk assesment,
medical surveillance to ensore good health and safety
of all workers |Guoild £r al., 2001). Several mechanizms
inclading regolar workplace inspections, safety audits,
collection, and analysis of ccoupational disease trends
have been put in place.

South Africa is the fourth largest produocer of coal
in the world, employing more than BS 000 workers in
the year 2018 |Mineral Coundl of South Africa, 201%).
Approximately 51% of 5A cmal miming s done onder-
ground and about 49% & produced by open-cast tech-
nigues [Department of Energy Report, 2016). The
generation of coal dust i inevitble doring coal mining
activities and since about 5% guarte or silicates found in
coal dust, its inhalation is highly asscciaced with the de-
velopment of Coal Mine Dust Lung Disease {CMDLLDY)
|Finkelman ef al, 2002; Stanton et ol , 2006; Petsonk
ef al., 2013}, CMDLD risk increases with coal dust
werexposure which depends on the duration and type
of work activity in the mines {Grove et al, 2014} The
current occupational exposure limit (OFEL) for respir-
able coal dust in 5A4 is 2 mg m™ derved from personal
eight-hoor time-weighted average (TWABhH) coal dust
meeasarement {South Africa, 2006). Since it is assumed
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that the coal dust abowe the OFL poses a risk to develop
CMDLD, the identification of highly exposed workers is
important for risk asesment and risk management par-
pases. Therefore, appropriate compliance testing strat-
egies and grouping of workers are needed.

For compliance testing, the SAMI Code of Practice
{Col) approach assames that sample data are normally
distributed, and the %0th percentile of the data shoold
be below the OFL |{Department of Mineral Resources,
2018}, meaning 10% overexposure is implicitly ac-
cepted. According to the European Committee for
Standardization [CEN] (CEN, 2018} and the British
and Dutch Occopational Hygiene Societies” guidelines,
non-compliance or overexposure is that the 95th per-
centile of the exposare distribution should be above
the OEL (EBOHS-MYvA, 2011} The guidelines assume
lognormal distribution of the underlying population
distribution and 5% exceedance of the OFL & accepted
according to the European standard (CEM, 20008). In
addition to this acceptability criterion, the uncertainty is
also addressed. The recommendation is that oncertainty
shoald be <30% [BOHS-NVvA, 2011; CEN, 2018 This
indicates that non-compliance should be demonstrated
with at least 30% certainty so that 5% or less of the
exposures in the homogenous exposare groap (HEG)
are above the OFEL [INRES, 2005, 2008; Bullock and
Ignacio, 2008). Furthermore, the American Indwstrial
Hygiene Association (ATHA) stipulated that uncertainty
shoald be less than 5% so that there is 95% probability,
upper credible limit (UCL) that the troe 35th percentile
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of the exposare is below the OFL (Balleck and lgnaca,
2008} The lognormal distribution assumption is a con-
sensus that is based on the analysis of the variability of
|oconpational hygiene) exposure data (Esmen, 1979;
Rappapart, 2001 |

Currently, it is not possible o measare every worker
each day, this has led to a prospective grouping ap-
proach of exposed workers into so-called HEGs or
similar exposore groups [SECGs). According to the SAMI
CoP, HEGs in underground mines should be consti-
tuted by subdividing each mine into sampling arecas
based on ‘common intake and return air® and sobse-
quently dividing the sampling area into activity areas
(Guild et al., 2001; Pretorios ef al, 201 5; Department of
Mineral Resources, 201 8). The approach of areas with
common air intake resules that different job titles will
be included in the HEG, which might introdwce high
heterogeneity of the exposure level in the defined HEG.
The SAMI Col guidance stipulates that for a HECG to
be statistically correctly defined, both the arithmetic
mean {AM) and the 90th percentile of the exposare
data muost fall within the same exposare classification
band relative to the OEL. However, this differs from
the ATHA, CEM (CEM, 2018), and British and Dutch
guidelines [BOHS-WNWvA, 2011). The strategy for pro-
spectively defining similar or HECGs in these guidelines
is bazed on the assumption that grouping workers per-
forming similar tasks would result in similar exposure
profiles. Various methods of retrospectively assessing
appropriate grouping of the bomogenous or similar ex-
posure group (SPHEG exist. The ATHA and the BOHS
guidelines recommend the deployment of analysis of
variance [AMOVA) to assess whether the HEG is stat-
istically homogenons |{Hawkins et al, 19%1; Mulhausen
and Damianae, 1998; Ballock and Ignacio, 2040E8].
According to the BOHS guideline, within-worker cor-
relation greater than 0.2 stipulates that the group is not
homogenous (BOHS-MWvA, 2011). Another indicator
for homogeneity is the so—called R-ratio which refleces
the ratio of the most exposed worker to the least ex-
posed. I is defined as the “ratio of the 97 5th o the 2. 5th
percentiles of the distribution of individoal AM", where
a ratio of 2 or less has been proposed to define homo-
geneity [Kromhout e al, 1993; Rappaport et al , 19931
The global geometric standard dewiation (G510) is alse
used to evaluate the homogeneity of a2 HEG. & global
GSD of more than 3 suggests that the groap might not
be bomogenouws (CER, 20018).

Based om the abowe literatare, it seem= importane to
aszess whether the sampling strategy for HEGs in the
SAMI Col pields comparable results as recent comsenmas
guidelines such as those proposed by CEM, the AIHA,
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and the British and Daech societies for occupational hy-
gienme. In this study, we aimed to compare compliance
to the OEL of each HEG according to SAMI Col* and
CEMBOHS-MVvA and ATHA approaches to estab-
lish whether the methods agree. Secondly, we compared
the within-group exposure variance of HEGs using the
SAMI Col' and GSI¥ criteria, and finally of job titles
as an alternative sub-grouping from noa-homogenoas
HEGs.

Methods

Study design and data collection

The primary study was a yearly perind sarvey collec-
tiom of respirable coal mine dust exposure measare-
ments among male miners working in onderground coal
mines in South Africa betwesn 2009 and 201 8. The data
were collected by the accupational hygiene department
of the coal mining company. Workers incloded im the
study were from 28 HEGs. The number of employees
in each HEG was noted, and then sample selection was
done using guidelines from the Department of Mimeral
Resources. A mixed stratified and random s=lection sam-
pling frame was wsed, taking into account that either
5% of the workers asigned to a HEG, or a minimum
of five workers should be selected for 2 measorement
campaign. Each selected worker was issoed with a duost
sampling pump [calibrated at a flow rate of 2.2 | min'h
positioned om the belt of the worker. The calibration was
done before and after sampling. B the difference in con-
centration before and after sampling was more than 5%,
the sample was discarded. Other samples were rejected
if the comcentration of the coal dust were vnusuvally very
high and if employees were not performing their usual
duaties on the day of sampling. On average, the flow rate
before and after sampling for the data included in this
study was 2.24 | mim ™. The shift time was 12 h, and any
sampling time less than B0% of the chift time was con-
sidered not a representative sample and excluded.

The pump was connected to a size-selective cyclone-
based on the Higgins—Dewell cyclone model with a
mixed cellulose ester filker The cyclone was positioned
in the breathing zome of the workers on the collar of
their overalls (clothes) to measare the respirable dost
that could be inhaled by the workers. After sampling,
the cyclone™ filter was grawimetrically analysed ac-
cording to the Mational Institute for coupation Safety
and Health [MIYSH) method 0600 [MIISH, 1994). The
TWAER concentration was obtained by converting the
gravimetrically determined coal dust mass (mg) to a vir-
tual 480 min sampling time and reported for individeal
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workers by their job title and captured in Microsoft
Excel spreadshests.

The HEGs were from nine different mines. Each
HEG was specific to a single mine and none of the
HEGs was found across different mines, and within a
defined HEG, different job titles were incloded. Ethical
cdlearance for this study was obtained from the Haman
Research Ethics Committee [HREC) of the Universicy
of the Witwatersrand after an agreement berween the
Umiversity and the coal mining company o use the coal
dust data while ensaring confidentiality and participants
privacy at all times. The cdearance number is M1E103E.

Statistical analysis
Statistical analysis was done using Stata version 14.1
and EXPOSTATS [www.expostats.ca). EXPOSTATS
an oaline Bayesian computation tool that assomes the
lognoemal distribution of the data [Lavouws ef al., 2019).
For variance, priors were derived from McMally & al.
{2014). A weakly informative aniform prior distribu-
tion was used for the geometric mean [(GM) (Banerjes
et al, 2014). Details of the mathematical expression of
the Bayesian framework and the prior distribution can
be found in Lavoué ef al. (20019), Appendix A of the
Supplementary Material. EXPOSTATS provides esti-
mates of the probability of overexposure for varions
definitions of overexposure that can be set by the usec
The exposare is the TWABh respirable coal dust comcen-
lr.ll:ium over B h. A total of 28 HEGs were assessed for
iance. The number of workers, the AM, and M
u‘mdﬂldmh HELGs was described.

For compliance testing, the 5& OFEL for coal dust is
used, which is 2 mg m~ The SAMI CoP criterion for
compliance testing is based om the empirical %0th per-
cemtile of the exposure data, which should be below the
OEL. In the CERMBOHS-MYvA and AIHA approaches,
the estimated 95th percentile of the popalation is osed as
an acceptability criterion when compared with the OFEL,
amd the TCL for uncertainty is based on the 70 and 5%
L, respectively. See Table 1 for the summary of the
guidelines.

The within HEG variability was investigated osing
the SAMI ColP criterion and other indicators of homao-
geneity which include the GSID and the B-ratio. This
study adopted the SAMI Col* accepeability criterion for
homogeneity where both the AM and 90th percentile
must fall within the same 5& OFEL exposure band.
The 5AMI CoP OFL exposure bands are A: 20FEL, B:
=0 _F0FL and <OEL, C: 20, 10FEL and <0 _SOEL, and
D= 0. 1% 0OEL. Where bands & B, C, and ID represent
poarly controlled, adequately controlled, high con-
trolled, and very highly controlled, respectively. Other
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approaches for testing *homogeneity” of the groups were
explored with acceptability criteria which include: [i}
The global G513, a GSID of 3 or less was used to con-
firm homogeneity. [ii) The B-ratio (ratio of the AM of
the most exposed worker to the AM of the least ex-
posed worker). The B-ratio point estimate of 95% of
the workers was used, which is the ratio of the 97_5th
to the 2.5th percentiles of the distribution of the indi-
vidual AM, where a ratio of 2 or less was considersd
homogenous. In this analysis, a less restrictive E-ratio
point estimate of $0% of the workers was nzed, which is
interpreted as the ‘ratio of the #5th to the Sth percentiles
of the distribution of mdividwal AM™. See Table 1 for the
summmary of the guidelines.

We then investigated the constitution of sub-groups
by job titles as an altermative approach and tested for
homogeneity by comparing the SAMI approach and
GSIL All the HECGS that were not homogenouws in all ap-
proaches in the above analyses were selected. We then
restricted the selected HEGs to thase with at lkeast two
job titles that have three or more measarement values to
asszess the variability of alternative sub-growping when
using job titles. The SAMI's approach of both the AM
and the $th percentile must have within the same ex-
posare band was employed. Other indicarors used to as-
sems the hnn'hugenuty mthﬂglnbﬂl GEID, a G500 of less
than 3 was « i See Table 1 for the
summary of the goidelines.

Results

There were a total of 728 workers in 28 HEGs from
9 underground coal mining production sites (Table 2).
Most of the HEGs had more than 10 data points. In
summary, HEG A had the highest AM dust concentra-
tiom (AM: 2.19 mg m") while HEG M had the lowest ex-
posare level [AM: 0_58 mg m-*). The GM exposure was
highest in HEG H (GM: 1.70 mg m™), while HEG B had
the lowest GM exposure concentration of 0.0 mg m-.
The compliance comparison of SAMI CoP 90th per-
centile and the CEM/BOHS-NVvA and ATHA 25th per-
centile with 70 and 95% UCL, respectively, that the true
underlying exposare distribution s below the OFEL was
conducted for all HEGs as shown in Table 1. There was
agreement of non-compliance in 21 {75%) of the 28
HEGs across all the 3 criteria. The SAMI Col indicates
compliance in seven (25%) of the HEGs. Only in ome
HEG where SAMI ColP and CENBOHS-NVvA agreed
ooncerning compliance decision, excepr ATHA which
did not agree. Comparison of the 70 and 95% UCL ap-

proaches of BOHSM VA and ATHA, respectively, showed
an agreement of decision in 27 |96%) of the 28 HEGs.
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Table 1. Guidelines used to assess comp llanae and homagenslty.

Cuiidelines used by various method s

ATHA

The #5th percendle of the dae should ke

below the CFL

CEMBOH SNVl

ML Cal

The #xh percendl e of the

The 95th percendl e of

Compliance idng For dam o be compliant

the datm shivild be below che (FL

Logreaml diss vt on

dam should be below the CiEL

Astanpe koo af the underlyig. Mormal d berlackon

dara

Lognanmal dbcribizion

2% UCL

% UCL

o 4TI

L nce-fainry

Guidlelines wad by varois me diods

EHann

Glokml G50
GED af 3 an bea was el 1o

Eull whuien chee e OFL expooasre hand for  con firm bomogaeiy

Fscm e e

SAMI Col?
The AM amd 90k percerelle vakies musg

The RB-raclo poleg s bmare of 9§ and %0% af

thie watkers, wher: a 8k al 2 o leas was
conal dered homogeas

For dhita e be regarded @
o moginas

fademenas of
b e
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Table 3 presents the comparison of the SAMI ap-
proach for assessing homogeneity of HEGs (as consti-
tated by SAMI) to that of varioos other indicators. The
results indicated disagreement among the deployed
homogeneity indicators. The global GSI revealed that
11 (39%) of the 2B HEGs are homogenous. In SAMI
CoP criteria, only sevem HEGs were homogenons. The
SAMI CoP and G50 indicators were in agreement for
homogeneity in only foar [14%) of the HECs. Utilizing
the E-ratio with 90% showed just one homogenons
HEG, whereas the E-ratio with 95% of the data, demon-
strated no homogenous HEG. Omly one HEG indicated
agreement of homogeneity across G5 and E-ratio
(90% ). A total of 14 HEGs [50%) had a perfect agree-
ment of non-homogeneity acmss all indicators.

A total of 14 HEGs that were non-homogenouos in
both SAMI and GSI} criteria in Table 3 were selected,
for the azsessment of homogeneity using alternative
sub-grouping by job titles [Table 4). After restricting the
HEGs to those with at least two snb-groops as job titles
that have three or more measarements, eight HEGs were
analysed. The job tites that were not included are pro-
vided in Sopplementary Materials, available at Amals
of Work Exposwres and Health online. HEG © had the
highest number of job titles, followed by B and [ The
global G5ID and SAMI Col criteria indicated ® and 5
oat of 10 sub-groups by job titles were homogenous in
HEG B, respectively.

The comparison of the individual sub-grouwp’s AM
and Mhth percentiles with that of the parent HEGs
showeed that 5 out of 10 sub-groups had their AM above
that of HEG B, and 2 sub-groops had their 20th per-
centiles valoe above that of the same HEG. In HEG 2,
GED and SAMI Col' each indicated four out of nine
sub-groups were homogenows of which three were in
agreement for both criteria. Also, foar oot of the nine
sub-groops of job titles had their AM and 90th per-
centiles higher than for the HEG. OF the remaining six
HEGs, SAMI indicated homogeneity in at least one sab-
group for three HEGE while the G5 did not ar all. Sab-
groups in HEG I, F, €2, and K had at least one of their
AM and 90¢th percentile valoes above that of the parent
HEG. The AM and 90th percentiles of the sub-groops
were abowe that of the parest valoes in HEG L. HEG N
had loweer AM and %0th percentiles than its comstitoent
sub-groups.

Discussion

Appropriate groaping and categorization of workers
according to similar exprsure are key to improving the
identification of highly exposed workers. This stady
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inwestigated compliance according to the SAMI CoP
approach, nsing the 9th percentile as exceedance ori-
terion, and compared this with the 85th percentile
exceedance criterion in the CEM/BOHS-NVvA and
ATHA approaches. The CEM and AIHA approaches as-
sume lognormal distribution of the parent population,
which could improve the interpretation of oocupational
hygiene exposare data for HEG [Lavows ef al., 2019).
There was an agreement of non-compliance in 21 out
of 28 HEGs across all approaches. Seven HEGs were
compliant according to the SAMI CoF, and only one
of the HEGs was considered o be compliant in agres-
meent with CEM. The HEG that was compliant in both
approaches had a small sample size (six), therefore in
lognormal distribations, it is less likely that a sample
in the high tail was collected, this possibly contributed
to compliance of the HEG according to the CEM ap-
proach. The compliance of 2 HEG to the OFEL repre-
sents whether the coal dust exposore kevel is within the
goceptable value. In the SAMI Colf, it answers the ques-
tion of the exposure being below the OFL {acceprable)
or ahove the OFEL {not acceptable), while the CEN and
ATHA rely om the probability of overexposure o estab-
lish how likely or not likely the point estimate exceeds
the OFL {uncertzinty). Considering the oncertainty is
important becawse it might arise from how the HEG
was constituted, incorrect information or measurement
if the exposures were measured continoously or inter-
mittently, and sampling errors {Waters ef al., 2015). Cur
findings indicate that the CEM and ATHA approaches
are more conservative or siricter than the SAMI CoP.
The findings showed that SAMI CoP for compliance
probably underestimated exposare and potentially mis-
classified workers" overexposure risk when compared
with the CEN and ATHA. Also, the bigh variabilicy due
o different job titles defined as belomging oo the same
HEG might have cansed the disagreement in the estima-
tion of compliance by the two methods. Establishing a
HEG will require tedioas consideration of information
which inclodes the survey design, processes, materials
or tonols, and work strategy for appropriate compliance
testing using the OEL (BOHS-NVvA, 2011). A total of
27 HEGs were in agreement for mon-compliance with
bath CEM and AIHA. This indicates that despite the
difference in probability of uncertainty or UCL, the ap-
proaches are similar in establishing compliance of the
amalysed HEGs.

This study further retrospectively assessed the bomo-
geneity of groups of workers deploying SAMI CoP
guidelines and CEN, BOHS, and AIHA strategies. Car
results [Table 3) show that deploying the GS[y and
E4 M CoP indicators for homogeneity, 11 and 7 HEGs

were homogenous, respectively, bat the 2 methods were
in agreement in 4 HEGs only. To recall, the SAMI Col
stipulates that the AM and the 90th percentile par-
ameter estimates mast fall within the same exposare
band to meet the criterion for defining homogeneiry.
However, an exposare distribation with a long tail, i.e.
2 lognormal distribation, may have a very wide band-
width, this coald make the estimates not lie within the
same exposare band to indicate homogeneity with the
SAMI Col approach. This further would imply that it
is difficult tov demonstrate homogeneity in data with
very skewed distribution using the GS[) and SAMI Col
which only assumes a normal distribution of the data,
yet the data could be very skewed and thar 2 small frac-
tion of the data would accoont for the AM and P20
percentiles. External factors could have influenced the
variahility of exposure distribution of these HEGs, thess
may include the nomber of measurements and namber
of workers which could have had a variable effect on ex-
posure variability over fime where shorter periods may
have a similar set of conditions and work practices than
wwer a long time. This affects the underlying distribution
of exposure [Buringh and Lanting, 1991; Roach, 1991}

The R-ratio (95%) values were all above 2, indicating
that none of the HEGs was homogenous onlike with the
G5ID criterion. The disagresment could have been caused
by the high sensitivity of the K-ratio indicator of bomo-
geneity for moderate variability in exposares. Therefore,
the ratio of 2 or less might be too conservative since
half of the HEGs were non-homogenous acros all the
varioas indicators. The global G50 is also sensitive to
sample sire as lower sample sives can lead o the under-
estimation of the GSI [Buringh and Lanting, 1991),
caused by skewed dara from a small sample size as the
true distribation of the parent dara is unknown.

The assessment of homogeneity in an alternative
sub-grouping by wsing job titles showed thar the ma-
jority of the job titles are homogenous even if their
parent HECs were not (Table 4). This inding soggests
that growping of workers by job titles woold require
smaller sample sives, compared with the larger sample
size needed for a more heterogeneous exposure group.
In this study, we incdluded job titles with thres or more
observations to capture uncertainty resulting from an
ohservation with extremely high value or extremely
low values. According to the SAMI Colf, a HEG is
composad of different job titles and work activities,
therefore, sampling of a proportion and representative
number of workers is difficalt becanse exposure level
might wary by job titles. Therefore, toral sampling
of workers with a similar job title [within 2 work
area) could be cost-effective as direct identification
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and contral of exposure compared with the required
sample size of 5 or 5% whichever iz greater as stipu-
lated in the SAMI CoF guidelines for the sampling of
HEGs. Comparison of each HEGs and job title’s AM
and the 20th percentile revealed that some job titles
have a higher exposare level than their parent HEG.
This implies that strategic intervention on risk assess-
ment and control measures would be ignored o only
a HEG as constituted by SAMI Col is considered and
not its constituting job titles. However, a previous
study reported that grouping workers by job titles do
not always lead to redoced variahility or uniform ex-
posare [Rappaport et al, 1993). Different job titles
might have been affected by a different set of condi-
tions and activities which could have led to increased
exposure variability (Boringh and Lanting, 19%1).
According to Muolhansen and Damiane (2006), HEG
or SEG is defined as workers who have the same ex-
posure profile since they use similar materials and pro-
cess, and perform similar tasks. In the present study,
our resalts demonstrated that even if workers doing
similar jobs as suggested by their job title are growped,
sometimes they will not have uniform coal dust ex-
posure distribotion. Specific job tasks and time of ex-
posure can affect exposure levels which may result in
increased wariation of exposure level within and be-
tween workers of the same job titles [Burdorf, 2005).
KEromhout et al. {1993} stated that even grouping
strategies bazed on job titles conld still have variable
exposure profiles.

e of the limitations of our study is that the data
were not repeatedly collected this makes it diffhcalt to
use other methods such as within-worker correlation,
one-way random effect AMOVA which could improve
aszesmment of varability given several measarements of
the same worker in a specific job title could have been
taken over time. The present study evaluated the pro-
spective grooping of workers into HEGs which were
bazed on a common work area where several job titles
within the same place were present. As reported by
Rappaport ef al. (1995], the observational grouping of
workers into HECs should comprise workers doing the
same job, in the same location o have probable uniform
exposure distribotion and this should be incorporated
with statistical sampling analysis which can incorporate
variance of the exposure for an informed decision on
risk management and control.

Conclusions

Compliance to the OFEL was demonstrated more by the
SAMI CoP than by the CEMN/BOHS-NYvA and AITHA
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approaches. This may imply that SAMI Colf onderesti-
mated overexposure. The G5 criterion (G5 «<3) indi-
cated homogeneity in more HEGs than the SAMI CoP
approach. Only foar HEGs indicated homogeneity from
both approaches. Alermative sub-grouping by job titles
within non-homogenons HEGs showed that many job
titles were homogenouos and some had higher exposure
distribution than their parent HEGs. Sub-grooping ac-
cording to job title tends to have more agreement of
homogeneity when using the G5 threshold and the
SAMI Colt

Therefore, it is recommended to adjost the present
SAMI Col criterion for compliance testing by accept-
ance of the 35th percentile of the lognormal exposare
data. The future comstitution of HEGs can be improved
by using job titles and retrospective assesment of ex-
posure distribution by using job tithe within a HEG {as
defmed by SAMI) can reveal high exposare job tithes.

Supplementary Data

Supplermentary data are available at Anmals of Work Exposares
awd Heaith online.
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Abstrack Bayesian hierarchical framework for exposure data compliance testing is highly recom-
mended in occupational hygiens. However, it has not been used for coal dust exposun compliance
pestingg im South Africa (SA). The Bayesian analysis incorp prior inf iom, which increases
solid decigion making regarding risk management. This stady compamd the posterior 95th peraentile
(P95} of the Bayesian non-informative and informative prior from historical data relative to the
occupational exposure limit (OEL) and exposure categories, and the South African Mining Industry
Code of Practice (SAMI CoP) approach. A total of nine homogenous exposure groups (HEGs) with
a combined 243 coal mine workens' coal dust exposure data were included in this study. Bayesian
Framew ork with Markov chain Monge Cardo (MOMC) simulation to draw a full P95 posterior dists-
bution relative b the OFL was used to investigake compli W bt d price information from
hwbwmaldalaandemphyednm—:mﬁmmahvepnmdﬁhﬂmhmw fe the posterior findi
The findings wese companed to the SAMI CoF. The SAMI CoF %Wth percentile (PO} indicated u-ut
one HEG was compliant (below the OEL), w hile none of the HEGS in the Bayesian methods were
compliant. The analysis wsing non-informative prior indicated a higher vanability of exposure than
the informative prior sccording to the posterior GSD. The median P95 from the non-informative prior
wene slightly low er with wider 95% credible intervals (Crl) than the informative prior. All the HEGs
in both Bayesian approaches wepe in exposure category four (poorly controlled), with the posterior
Pn}ba.blll'tiﬂ-ﬁll@:lﬂ}r loneresr in the: nom-informative mlﬁmmdl.ﬂ:nbum AN the uiﬂ'l)dﬁuumbf
ted non-compliance from the HEGs. The non-informative prios, however, showed a possible
potential of allocating HEGS to a lower exposum category, but with high uncertainty companed bo the
hﬂmuuﬁw-?ri)rdi.ﬂ:ihﬁunfrm"' X 'da't.:..r_", i tatinfics with inft "=]:|r.i|3r&r.iu&d
from historical data should be highly encouraged in coal dust overexposum assessments in South

Kl:','nﬂn:l.t non-mfommative Pu:iﬂl; informative Prlm—.. W5th Peruerrl:ile; hg'nmmal distributions;

1L Introduction

South Africa (SA) is one of the largest produocers of coal in the world, with an estimated
B6,000 workers according to the Mineral Council of South Africa, 2019 [1]. During ooal
mining, coal dust is generated, alﬂwhznmhaled,ltcmcammalmlungdmeaﬁe
(CMDLID) [2,2]. To lower the risk of coal dust overex posure and y prevent lifke-
threatening CMDLD, the occupational ex posure limit for respirable coal dust in SA is
g!t.at!m.g,.l’m’“,d]. As part of a contfinuous process of monitoring overexposure and
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compliance, the South A frican Mining Industry Code of Practice (SAMI CoP) stipulates
that the identification of homogenous exposure groups (HEGE) is an important proxy for
the assessment of personal exposures [5]. HEGs ame defined as a group of employess
who have similar exposure, such that a sample can be drawn from themn for predicting
the exposume of all emaining workers [5,6] In the SAMI CoE HEGs are constituted by a
stepw ise process [5,6]; in step one, the mine is subdivided into ventilation districts based
on areas with common intake and retum air. In the next step (step 2), the area is divided
into activity areas (as found in coal mines). The personal exposures ineach activity area
are then compared to the OEL, which is the eight-hour time-weighted average (TWASh)
ooal dust concentration to which almost all workers may be repeatedly exposed without
any adverse health effects whatsoever. Each HEG is assigned to exposure classification
categories, which are associated with their distance to the OEL [4] (Table 1)

Table L The exposume classification categories for dassifying the PO of exposune nelative to the OEL
and sampling strakegy of HEGs in the SAMI ColP.

Cakegory Desaiption Seatistical llustration Exposum Profile Minimum Frequency
Nn-lmpli.rﬁplmh:‘rﬁhﬂbﬁmy
1 Ex less tham 10 Pty (31% OHEL . Measum et msults that ame below
af the OFL WP of e time = Very highly controlled e of the L will be mparted under
ﬁﬂﬁm]‘
s excmed 1% of Sanuphﬂufmln}mmnl-lﬂi
on.an annual basis with a
2 the OEL and less than 50% P90 = 0.1 OFEL < 0.5 OEL Highly comérolled L e
af the OFEL 10°% of the tme mirizn of § samples per HEG,
w‘lu:tmnrusna‘l?n._
5o = of Sampln-ﬂnfn@b}mmlul-[ﬂ]
3 the OEL and less than P = 0.5 OFL < OFL Adequately cantrolled e a f-manithly basis with
DL 149%, of the & amnf!-n_nmplﬂpﬂHEG
whichaver is greaer
exmed the OEL on a dmanthly basis with
4 10PL of the time Pog = OEL Poorly controlled a miniznen of § samples per HEG,
whichaver is geaer

The sampling size of each HEG is equal to 5 or 5% of the HEG population, whichever
is grealer, whemeas the sampling frequency is determined by the exposure cassification cak-
epory. The results of each sarpling camnpaign are evaluated independantly of the previows
data (iLe, historical data) for compliance. This current practice in South Africa shows that
HEGs are too heterogeneous concerning ex posure levels, resulting in an overestimation
or underestimation of exposure for individual workers [7]. Yet, in good practice, previous
sampling results can be used to update current data for the categorization of HEGS by using
a Bayesian framew ork to elucidate prior information from the historical data [5]. The frame-
work with broad use of informative prior is highly encouraged in ccoupational hy giene
because it accommodates historical data into the empirical measurement of monitoring
exposume data for accurate exposure grouping [5-12]

For compliance testing, the SAMI CoP approach assumes that the sample data ane
normally distributed, and the 90th penentile of exposure data (P90) should be below the
OEL. Ovemexposure acoording to the European Standardization Commites (CEMN) [13] and
the British and Dutch guidelines is that the 95th percentile (P95) of the lognormal ecposume
distribution should be below the OEL [14]. Itis important to note that SAMI Col is based
solely on current data, yet the incorporation of historical data in the Bayesian framework
could improve the identification of overexposed HEGs as fubure risk management of
exposure is based on the exposume profile of the data at hand. The SAMI CoP approach
is based solely on a point estimate of the P90 of the current data and does not consider
unertainty surmounding the estimate. The Bayesian framew ork uses the credible interval
to describe uncertainty surrounding a parameter. For example, the credible interval is
interpreted as the probability of an estimate being found between a certain range, given
the data [15]). The SAMI CoF approach would mean that similar exposure in different ameas
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needs to be done repeatedly, but in a Bayesian sense, this can be achieved naturally by
using a sample result as a prior distribution from common population distribution [16]. The
Bayesian inference is exact and easily understood by anyone. For example, the probability
that a person is overexposed to coal dust is 95% Cuwrrently, the Bayesian framework
has not been applied for exposure to coal dust in the mining industry, and no study has
emphasized the wse of historical data in determining ovemxposure in a routine occupational
hygiene assessment Therefore, the first objective of this study was to compane the posterior
P95 of the non-informative and informative application of the Bayesian framew ork and
SAMI CoF melative to the OEL. The second objective was to compare the grouping of
posterior probabilities of the P95 exposure according to the South African occupational
exposune categories between the two Bayesian approaches. The present paper describes
the development of an informative prior, taken from the historical coal dest exposume data,
and combines this with the present exposure data to achieve posterior distributions in a
Bayesian framework. The decision-making on exposure risk management according to
SAMI exposure categories is compared to posteriors detived from a non-informaltive prior
and the strengths and limitations are discussed.

L Methods
21. Study Design and Dita Collection

This is a cross-sectional study. Respirable coal dust exposume data were collected
pericdically from different geographic locations of the mines. The population included in
this study were only male mine workers who wene working in underground coal mines.
The data were collected from workers working in HEGs within each mine.

Aligred with the SAMI CoP approach, a mixed stratified and random selection sam-
pling frame was used, considering that “either 5% of the workers assigned to a HEG, or a
minimum of five workers should be selected for a measuement campaign™ [5]. The sam-
pling collection and sample analysis methods have been described in a previows paper [7].
Briefly, each selected worker was issued with a size-selective oy clone with a mixed cellulose
ester filter, which was attached to a dust sampling. The analysis of the cyclone’s filler was
dore according to the standard of the National Institute for Occupation Safety and Health
(NIOSH) method a0 [17]

2.2 Statistical Analysis

Statistical analysis was carried out in E version 4 L1{E Core Teamn, Auckland, MNew
ZLealand), using FStan and bayestestR packages [15-20]. Consistent and similar coal dust
historical data of the HEG was used to update curment monitoring data to produce posterior
geometric mean, geomeltric standard deviations, P95, and the posterior probabilities of
P95 exposure ineach of the ecposure categories. For the prior specification, we randomly
selected a prior sample size of five from each HEG's historical data, as recomrmended from
previous studies for occupational exposure assessment [21,22]. From the occupational expo-
sure perspective, the prior sample size should be betwesn 10% to 407 of the cutrent data to
get accurate information on the posterior distribution for decision making. Therefome, the
sample size of five was used to keep the focus of the posterior distribution on the curment
data, as the sample size increased. This is important as in Bayesian statistics, the posterior
distribution is a compromise between the information from the prior and the current data,
but the distribution must be observed from the current data to a good measure as the
sample size increases [15]. For the likelihood function, we took all the available current
moni toring data.

2.2.1. Model Specification Using Current Monitoring Data

The model was specified by using the geometric mean (GM), given as exp{u), and
geometric standard deviation (G5D), denoted as exp{r), which are the exponents of the

124



Imt. [ Emziron. Res. Public Heslh 2027 15, 4442 dof 11

mean and standard deviation, after log transforming the data. The likelihood function was
presented as below in Equation (1)
1 ({logy — u)l}

n n ]
ITen (s %) =.-Hm\fﬁ””{ ER

where y; is the log-transformed curment monitoring data and » is the number of obsery ations
of current monitoring data. The OEL exposure categories weme added as a random variable
in the model directly to produce the posterior probability distribution of the P95 to each of
the categories [21,22]. From the OEL exposure categories (Table 1), the highest category
was assumed to have PG5 > OEL and the lowest was P95 = 10 of the OEL

1)

2.2.2. Model Specification Using a Mon-Informative Uniform Prior Distribution

In occupational health esearch, uniform prior distribution is highly encouraged. A
curment monitoring data vector, ¥ = (1, ... ,.. ... .., =), wheme n is the sample size, with
the data ¥ ~ Normi{po®), wheme y represents the log of the geometric means (GM) and o«
is the log of the geometric standard deviation (GS0).

Then, p = LnGM ~ Unif(aubeg), ¢° = [nGSD ~ uni f{arhs) wheme o and b are the
lower and upper bounds of the prior distribution, respe ctively. We took inspiration from
Gelmnan 2006 [23], where, for lower bounds, pwas indicated as 0 and for ¢ was —1/2 and
the upper bounds were set bo infinity.

2.2.3. Informative Prior Specification from Historical Data

For informative prior, we assumed that the log- ransformed historical data with ng
observations had sample variance 51!0, = Elwa —?n}l.."{ﬂn —1). If the historical data
¥ ~ Morm (g, 02), then the mean of the historical data ¥, ~ Normm(p, 02/ng), we put u as
amdnnxqumﬁqmﬂmphmazwim&mpﬁmm%nsnﬂutpmm&h'maﬁ

oo Nﬁ'l'“‘{?na ol “ﬂ] 2

The full conditional for g and o was based on truncated normal prior distributions
and truncated inverse gamma prior distributions, respectively [9,22]. In the truncated prior
distributions, we placed bounds on g using the sugpestion of Bayesian decision analysis
(BDA} from Hewett et al., 2006 [12], which was 0.005 We used 0.001 in this study to make
sure it less likely affected the resulks, while the upper bound was allowed tovary iletatively.
The upper bound was allowed tovary to avoid a prior from being unfairly skewed toward
a more favourable result.

For 7%, the lower bound from BDA was used and the upper bound was let to change
imeratively.

To develop prior for o7, we started with the expression, (n — 1);:0,*.;-1 ~ x5, Whem
x%, , TpEsents the chi-square distribution with (ny — 1) degmees of freedom. We put o as
ﬂl!-mndumvmiabb,givma;afmmﬂ'ehiswﬁmldata_ﬂmlmﬁ the variance is given by

Equation (3).
2 Nrc("“z—] —l'rm_”%"] (€]

! 2
For ny = 1, where IG (a, b) is an irverse gamma distribution in Equation (4) with
parame ier @ and scale parameter b

Therefone,
a = (mp— 1)/ 2b =2/ (si5 = (my — 1)) 4

"
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Further details on the prior specification for p and o® and the full conditional distri-
butions are awvailable in Supplementary File 51 of the Supplementary Materials of Quick,
2017 [22]

224, Motivation on Bounds Based omn P95

We placed the bound on the P95 as P95 < 2 = OEL with the assumption that the correct
OEL exposure category for each HEG would be identified. See Supplementary File 52 of
Supplementary Materials for motivation on bounds based on P95 by Cuick, 20017 [22

Markow chain Monge Carlo (MCMC) algorithms to draw full posterior conditional
distribution inform of the Gibbs sampler [24] were implemented. The Gibbs sampler
was applied because of its easy computational application. The Gibbs sampler samples
from a conditional distribution. For example, if a given parameter has been divided into
sub-parameters, the Gibbs sampler works by drawing each sub-parameter conditional on
the values of all the others ieratively. The sub-parameter is updated conditional several
times on the latest valoes of all the components of the parameter to produce the marginal
posterior distribution. We used 20,000 MCMC number of iterations to draw samples from
the posterior.

The posterior convergence diagnostic was carried out using the Gelman—Rubin con-
wvergence diagnostic, which compares the between and within-Markow chain variability for
the mode] parameters to confirm whether they ame stationary [25]. The bebween-Markow is
the variance of the posterior mean of the samples, while the within-Markow is the mean of
the variance in each sample If the test statistics denoted by R-hat is <1.05, then conver-
gence is achieved. The meliability of the posterior quantiles was confirmed using the bulk
and tail effective sample size [26]. An effective sample size greater than 100 per chain is
considered good. The corvergence diagnostic st indicated an F-hat of less than 105 and
an effective sample size of more than 100 in this stedy (not shown), implying convergence
was achieved.

3. Results

Table 1 indicates the exposure classification of SAMI CoF. The highest category is four,
which is that PO) exceeds the OEL for exposure to be classified as poorly controlled, and the
lowwr est category is that P90 should be less than 0.1 of the OEL for highly effective control
In Table 2, a summary of the current monitoring data and corresponding historical data
from nire HEGs are displayed. HEGs C and G had the highest AM of 242 in the current
monitoring data compared to the rest of the HEGs. In the past data, HEG A had the highest
AM of 200, HEGs [¥ and G have the lowest AMs of all the other HEGs in curment and past
data, mspectively. G50 indicated a high variability of exposure with the curment monitoring
data in HEG B, I, E, E H, and [ {G5D > 3), while in the past historical data, the variability
of the exposure was high in HEGB, L E G, and L

Table 2 Summary of coal dust exposune for the current monitoring data and their cormsponding

historical past data
Data Year N AM SO GM GSD
Curpent data

HEG A 2018 14 230 196 152 255
HEG B 2019 21 236 145 158 356
HEGC 2018 13 242 272 191 196
HEG D 217 52 iy | 66 04z 32
HEG E 2018 35 132 174 62 353
HEGF el G 20 12 1940 (L& 380
HEG G 2019 24 242 170 193 2
HEGH 2018 38 143 175 074 350
HEGT 2019 26 2 158 129 367
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Table 2. Coni.
Data Year N AM sD GM GSD

Past data
HEG A T 20 200 135 151 230
HEGEB 14 il 19 252 069 5.96
HEGC W7 19 14s 095 120 203
HEG D M6 53 146 p 076 359
HEGE W7 i 11s 1im 078 27R
HEGF v 1) e 32 (1.9 82 060 105
HEG G 14 Al (.69 0 029 463
HEGH v ) el 45 0.490 82 062 244
HEGI 14 3 I 0 0.59 3.7

& sample sing; AN athomnabic masar; ST stemdard doviaSion; G geowstric sear; G50 geomsstric stmidard deviation.

Table 3 indicates the SAMI P90, median, and 95% credible intervals of the posterior
GM and G5, and the P95 percentiles for non-informative and informative prior. The SAMI
CoP PO0 values are much low er than the P95 in the nor-informative and informative prior
Bayesian approaches. The SAMI approach is the only method that showed that only one
HEG (HEG D) had P90 values lower (162 mg/m®) than the OEL of 2 mg/m®. The posterior
median GM indicated that all HEGs exposures were below the OEL 2 mg/m®. Thene was
high exposure variability in the majority of HEGs, as indicated by G50 greater than 3.
Three and four of HEGs under non-informative and informative prior had less exposune
variability according to the G5D. The patterns of the medians of the postetior P95 and 95%
credible intervals (Crl) from Table 2 are shown in Figure 1. Generally, the median and
95% Crl were similar across all HEGs between the non-informative and informative prior
Five out of nine HEGs in the graph indicated that P95 are lower in the non-informative
prior with wider 95% Crl bounds compared to the informative Owverall, there was high
uncertainty in the non-informative indicated by the wider 95% Crl (also higher upper
bounds) compared to the informative prior distribution

Table 3. The: median (5% ceedible interval (Cel)) of the postecior GM, GSD, and the PUS percentiles
and the SAMI Po0.

Non- Infermative Inducm ative
SAMI P30 [=7} (=) Fos oM (=) 5

HEL Mediin 5% O} Mudian @55 Ol Median 95% Cel)  Medidn 95% Ol Median (05% Cell  Mididn 85% Crl)
HEC A AT 147 {88, 237 1T (2 M, 1I5) 742 (448, 1217} 156 {105, 275} 150 (13, 1.06) 7.50 {491, TLES)
HEG B T 4D L8, 217 L (266, LAY AT [GA4, 12115 124 {72 L9} 12 (277, 159) A G, TL38)
HEGC im 1.9 (1.4, 278) 273 (20, 256) 755 (G0, 12709 L& (126, 208} 221 (L, L64) ST (L0, BT
HEC I 1z 047 {130, 0L59) L (T, TAp 258 LAY, 19T 046 LM, 055) 299 (273, 196) ZHI(ZTE, 356)
HEG E im LT {1141, 05E) 11 (ZTE, L&Tp A0 (2E], GTE) &2 41, 05T 111 (278, L1E0) 4.0 (LE5, 65T}
HEGF 246 058 {117, 10 179 (276, L9) 400 (272 TAT &7 {38, Loy L6 (275, 176) LI, TATY
HEC G A 1.9 (143, 260 2 (210 27T 779 [GI0 1L7%) 156 (10K, 239 2704241, 113) AT (G, 12400
HECH A0 074 {1149, 1.11) LW (76, 1T A7 (LA, T8 7% {57, 110y 20 (271, 144 A6, T A
HIBL: 1 T 1.19 {IL73, 1A LW (74, 154 7.THAZE, WLIE) L7 64, L&) 112 (277, 150) A.99 (450, 1LZT)

P45 48h percentile; Ol onedible Interval; OEL is Eimgfm:'.

The comparison in the grouping of the HEGs" posterior probabilities of the PS5 accord-

ing to the different OEL categories (see Table 1) is presented in Table 4. In both Bayesian
approaches of the prior distribution, HEG D showed the lower posterior probability of the

level being in category four, which is poorly controlled companed with the rest of
the HEGs. All the HEGs in both prior distributions wee in poorly controlled category four
with more than 9% and 95% probabilities, espectively. Some of the posterior probabilities
of the non-informative prior distribution, although all in cate gory four, wene slightly lower
than in the informative prior.
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Figure 1. The comparison of the patterns of the posterior median (95% Crls) of the P9 for non-
informative and informative Bayesian fmmework across HEGs. The red horizontal is the SA OEL of
Z:mg.l"m:.
Table 4 The estimated exposure calegory probabilities of the non-informative and informative
Men-Inbermabive Induemative
HEG PUS Camgery | Category 2  Cakgery 3  Categoryd PO Calegpory 1 Category 2 Cakgery 3 Cabegory &
HEG A T4z 1] a 1] plL F50 o 1] oa TR
HEC B ag 1] a 1] plL B1d o a 1] TR
HEG T T 1] plL 603 o a 1] TR
HBLG T 1z8 1] aors TR e 83 o a L% TR
HECG K 404 1] a ILWFE. Pt 402 o a LD PO
HECG F 40 1] [l ra ™ LS A 420 o a LE% TR
HEL G I 1] 1] o 1L A53 o 1] o T
HEG H 476 1] a QL0 PP 488 o a 1] TR
HEZ1 I 1] a 1] plL 699 o a 1] TR

4. Discussion
We used informative prior from historical data to update current monitoring data on
lognormal distribution in the Bay esian framework to produece the postetior geometric mean,
ic stamdard deviation, and the P95, Similarly, a non-informative prior was used, and
SAMI CoP was based on PO The findings were compared. The posterior probability of the
PO5 percentile exposures was also grouped according to the SAMI exposure category. The
use of the past data is important because decision-making on exposure risk management
only based on the current data might be misleading. The weight of the historical data in the
analysis is important; Symanski et al. [27] used an equal weight for both current and past
data. We decided that weight should be unequal, with a small prior sample size to have
less influence on the current data. This is consistent with other studies where small prior
sample size was thought to prodoece inferential benefits when the results were comparned
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o non-informative priors [22, 28], The Bayesian framew ork is also known to be robust
with a small sample size [15], soeven in the paucity of data, exposure risk analysis can be
conducted with relative confidence.

The application of both approaches to the prior distribution indicated that the posterior
estimates of GM were below the OEL. This means that the level of coal dust risk control was
similar in the past and the present. How ever, risk mitigation and decision making regarding
exposure control should not be based on the central distribution (mean,/median) of the
data, but on P95, which constitute at least 95% of the underlying distribution. The posterior
G5Ds were also quite similar across the two Bayesian prior distributions, however, those
of the non-informative distributions ended o be somewhat higher The GSD indicated
high wariability in the informative prior distribution. The comparison of the 5A SAMI
using the P90 for compliance and Bayesian prior methods showed that POD was lower
(with one HEG exposure below the OFEL) compared to PO5. This is consistent with our
pravious study, where the SAMI approach tended to underestirate overexposure risk [4]
The Bayesian approaches considered the uncertainty of overexposure not just based on
a point estimate as to the SAMI CoP All the HEGs in the Bayesian approach indicated
their PO5 were very high and above the OEL The distribution of the median and P95 was
similar to the non-informative and informative prior distribution (Figure 1). The majority
of HEGS in the non-informative prior indicated that PS5 were a bit lower and had wider
Q5% Crls, indicating a high uncertainty compared with the informative prior derived from
the historical data. This underscones the importance of the use of historical data in coal
with greater confidence when historical data are brought together to update the current
data, as it is only matural that they are part of the current data.

We then compared the posterior probabilities of grouping the PA5 in each exposune
calegory between the Bayesian approach from non-informative and informative prior (from
historical data) distribution (Table 4). In both approaches, the highest probabilities (greater
than 95%) of P95 were observed in category four of the exposure, which indicates poorly
controlled exposure. None of the HEGs' posterior PO5was in the lower exposure category.
From: these results, the use of historical data to update current data in Bayesian statistics
for occupational exposure assessment is very important, as nor-informative prior tend to
assign HEGE' in a lower category. This affects informed decision making with the regard to
ovemxposure risk mitigation. Assigning HEGs to a lower category is similar o a sinulation
study that showed that non-informative uniform priors group the P95 probabilities in lower
exposure categories [22]. The difference with the informative prior from historical data
might be because of the possible use of incorrect prior for certain HEGs, resulting from a
lack of adequately repeated measurements and sampling of prior data.

As seen from the above, the uncertainty to inform risk management decisions is not
low and high variability of exposure is shown by the non-informative prior distribution
compared to the informative prior from the historical data. Although this shody showed that
non-informative priors end to locate the posterior probabilites of P95 in a lower category
and increase variability, its interpretation must be taken with caution as the probability
density function used to specify the prior, usually an infinite inegral might yield improper
posterior distributions [29]. Therefore, the specification of the non-informative uniform
prior must be considered. Our findings could indicate that the decision to regard these
HEGs as compliant or non-compliant should also consider the variability of the data.

The strength of this study is that the Bayesian analysis naturally allows for combining
prior information from historical data with current data within a solid decision-making
framew ork [30]. With the robustness of the findings based on even a small sample size,
the Bayesian analysis provided inferences that are based conditionally on the data, which
makes them exact and easily interpretable. For example, the probability of the posterior
P95 being in category four (poorly control group) can be expressed quantitatively [21].
Regarding the limitations of this study, it is important to recall that HEGs used in this
study are created by grouping workers based on the common air intake and refurn air. This
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might mean that the HEGs can be too heterogeneous because within a HEG there can be
several job tides with different exposure variabilities [7]. As demonstrated earlier [7] HEGs
tened to have high variability, which also affects their compliance to the OEL and grouping
according to exposure catepory. From the Bayesian perspective, sometimes historical data
are unavailable or are not similar and consistent to the current data, and hence it is not
possible to conduct an informative prior.

5. Conclusions

Itis clear from the findings that the use of the Bayesian framew ork with informative
prior can inform concise decision making on occupational exposure risk mitigation in the
uniform prior distribution tends to put HEGS in lower exposume categories than informative
prior distribution derived from historical data. The non-informative prior findings also
showed high uncertainty and variability, thus a decision on exposure risk assessments
would likely be made with less confidence. This makes overe:posure risk likely to be
underestimated. We recommend increased use of the Bayesian framew ork with the use
of prior information from historical data in the coal mining ocoupational exposure assess-
ment. This will improve solid decision-making concermning coal dust overeposure risk
and conpliarce.
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Abstract: Occupational exposure assessment is important in preventing occupational coal worker’s
diseases. Methods have been proposed to assess compliance with exposure limits which aim to
protect workers from developing diseases. A Bayesian framework with informative prior distribution
obtained from historical or expert judgements has been highly recommended for compliance testing.
The compliance testing is assessed against the occupational exposure limits (OEL) and categorization
of the exposure, ranging from very highly controlled to very poorly controlled exposure groups.
This study used a Bayesian framework from historical and expert elicitation data to compare the
posterior probabilities of the 95th percentile (P95) of the coal dust exposures to improve compliance
assessment and decision-making. A total of 10 job titles were included in this study. Bayesian
framework with Markov chain Monte Carlo (MCMC) simulation was used to draw a full posterior
probability of finding a job title to an exposure category. A modified IDEA (“Investigate”, “Discuss”,
“Estimate”, and “Aggregate”) technique was used to conduct expert elicitation. The experts were
asked to give their subjective probabilities of finding coal dust exposure of a job title in each of the
exposure categories. Sensitivity analysis was done for parameter space to check for misclassification
of exposures. There were more than 98% probabilities of the P95 exposure being found in the poorly
controlled exposure group when using expert judgments. Historical data and non-informative prior
tend to show a lower probability of finding the P95 in higher exposure categories in some titles unlike
expert judgments. Expert judgements tend to show some similarity in findings with historical data.
We recommend the use of expert judgements in occupational risk assessment as prior information
before a decision is made on current exposure when historical data are unavailable or scarce.

Keywords: expert judgments; expert elicitation; exposure control categories; the 95th percentile;

historical data

1. Introduction

Coal is the second largest energy source in the world, contributing a quarter of the
world’s energy sources, and the consumption of coal has been on the rise in recent years.
By 2040, worldwide coal consumption is expected to rise at a rate of about 1.5% per year [1].
South Africa is the fourth largest coal producer in the world, employing more than 92,000
workers in 2019 [2]. Coal mining areas in South Africa are geographically found in the
KwaZulu-Natal, Mpumalanga, and Limpopo provinces. In coal mining activities, coal dust
is produced. Inhalation of coal dust is highly associated with the development of Coal
Mine Dust Lung Disease (CMDLD). CMDLD is life-threatening to coal mine workers in
developing countries [3,4].
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A study by Attfield and Seixas [5] defined the risk of developing CMDLD, a result of
over-exposure to coal dust during work-life in the coal mining industry which depends
on different work activities. Various work activities generate dust in the coal mining
industry. Dust also results from poor organization or lack of best decisions in control of
exposure to coal dust. Such activities may include inadequate dust disposal techniques,
poor transport systems, coal spillage, and dry mine conditions, amongst others. To improve
occupational risk assessment and compliance testing, a homogenous exposure group (HEG)
was established. The HEG, according to the Code of Practice (CoP’) by the South African
Department of Minerals and Energy, is constituted by mine, activity area, and incoming air.
Within each HEG, different job titles may be found, increasing the variability of exposure
to coal dust [6].

The advancement in technology in recent years means that the coal mining industry
has adequate control methods for reducing coal dust overexposures among workers. It is
important to regularly check compliance with the occupational exposure limit (OEL) and
associated exposure control categories (see Appendix A). Bayesian analysis has become
popular for evidence-based policy decision-making. For occupational hygiene applications,
Bayesian statistics were used to find highly exposed HEG or job titles. The advantage of
Bayesian analysis is that earlier or prior data, when available, can be used to update and
improve new measurements using Bayesian inference [7]. The prior distribution can be
obtained from solid information (informative) from subjective expert data and/or expert
elicitation, or from a non-informative source which does not influence the current data.

Expert elicitation is a systematic approach that combines subjective views from experts
on exposure where there is uncertainty because of a lack of or insufficient data [8]. An
expert’s experience and knowledge in a particular subject area are the key factors in the
elicitation process. Informed decision-making can be made with higher confidence in in-
dustries when experts who routinely see and analyze changes in environmental conditions
participate in risk assessment. For instance, the United States Environmental Protection
Agency uses an elicitation process to solve uncertain problems [9]. Walker et al. (2001)
showed that subjective knowledge about the unknown subject can be elicited from the ex-
pert for environmental exposure assessment [10]. In occupational hygiene, expert elicitation
has been widely used. For example, expert elicitation was used to develop job exposure
matrices to categorize job titles into exposure levels [11]. Job exposure matrices can be used
when individual exposure data are unavailable or difficult to obtain due to regulatory or
privacy measures. Other studies have used elicitation to assess the health effect of fine
particles of air pollution [12,13]. Bayesian application of expert elicitation is based on the
subjective probabilistic judgement of the previous or present value of an unknown or uncer-
tain quantity [14]. The Bayesian framework can assign exposure probability distributions
by incorporating parameters obtained from the expert elicitation, and this is now easy to
apply in occupational hygiene [15]. One other benefit of using the Bayesian framework is
that it allows for uncertainty in the assessment of compliance to exposure limits, which
improves holistic decision-making. Thus, this study aimed to use the Bayesian framework
to compare the posterior (after the data were observed) probabilities of the 95th percentile
of the exposure distribution (P95) of the non-informative and informative prior from expert
elicitation and subjective expert data.

2. Methods
2.1. Study Design and Data Collection

The study was a survey collection of respirable coal mine dust exposure in under-
ground coal mines in South Africa. The coal mine workers were only males. Workers
included in this study were from 10 job titles. The inclusion criteria for the selection of
these job titles were based on the availability of previous or historical (past) exposure data
and current data. Job titles must have exposure from both the previous and current or the
latest year to be included in the analysis. The data from the previous year were used as
prior data. Personal sampling of respirable dust was conducted by using cyclones attached
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to a sampling pump followed by gravimetric analysis [16]. Further details on sampling
are available from the earlier paper [6]. Exposures were measured over a full shift and
expressed as eight-hour time-weighted average dust concentration (TWA8h concentration).

2.2. Expert Elicitation Process

In this study, a modification of the “Investigate”, “Discuss”, “Estimate”, and “Ag-
gregate” (IDEA) structured protocol was used [17]. The first step in the IDEA protocol is
the background information on experts, followed by an investigation where experts are
requested to individually answer questions and provide reasons for their answers. During
the discussion, an expert was shown anonymous answers from each participant to resolve
varying interpretations of the questions. Each expert had to estimate for the second and
final time. During the post-elicitation process, aggregation of the data takes place, where the
mean of experts’ second-round responses is obtained. Many studies have adopted the IDEA
protocol seamlessly. The protocol was evaluated in public health, ecology, and conservation
studies, and recently in the US Intelligence Advanced Research Projects Activity [18,19].
The advantage of the IDEA protocol is that it minimizes bias resulting from overconfidence,
availability, and representativeness. It is also possible to apply for remote elicitation, which
is cost-effective. We invited a group of experts to take part in the study. The experts were
given time to investigate and understand the questions, and then give their feedback on
the questions. The modification from the IDEA protocol is that we did not allow experts to
receive feedback on their judgements from other experts. The experts were not encouraged
to discuss their results to provide second estimates. We instead adopted and simplified the
IDEA protocol four-step elicitation questions in Appendix B. The advantage of the modifi-
cation is that it prevents more experienced expert(s) from influencing the discussion which
may skew the final judgements toward just one dominant expert. The expert elicitation
process was done remotely.

In the four-step process we used in this study, the credible intervals (range) were the
minimum and maximum probability of exposure in each of the exposure categories. These
ranges were standardized using linear extrapolation [18,20].

The minimum standardized percentage: B — ((B — L) x (S/C))

The maximum standardized percentage: B + (U — B) x (5/C))

Where B is the best possible guess, L is the minimum percentage, U is the maximum
percentage, S is the level of credible intervals to be standardized, and C is the level of
confidence (how sure is the expert). The distributions were truncated for extreme values
if the adjusted credible intervals fall outside the probability bounds of 0 and 100%. The
credible intervals were standardized to reduce overconfidence.

The expert’s judgements were combined to form a joint probability distribution. The
distribution was used as an informative prior, updating current data from respective job
titles to produce posterior estimates when compared to the OEL. The individual expert
probability distribution can be mathematically or behaviourally aggregated to produce the
joint distribution [21]. For this study, we used equal weighting to aggregate the data.

Selection of Experts

Experts were invited through email to take part in this study. The average year
of experience was 13 years. The experts were occupational hygienists, mine ventilation
engineers, supervisors, mine engineers, and geologists. The experts were found by the
lead of occupational health and hygiene in the coal mining industry. The identified experts
then recommended other experts through snowballing. All experts who accepted the
invitation were asked to voluntarily take part. Experts had a range of experience associated
with various responsibilities and/or connections to occupational health and safety in
coal mining.

Before the elicitation, experts were trained on the uncertainty, the P95, and an outline
of the tasks to be performed. They were also provided with an information sheet to obtain
their professional background in the field. Each job title was described in detail to the
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experts and an example of how the probability of exposure to each exposure category
was shown to familiarize them with the elicitation. An expert was allowed to consult at
any time if he/she is confused or lost in the elicitation. According to Highlights of the
Expert Judgement Policy Symposium and Technical Workshop conference, held in the year
2006 [22], a sample size between six to twelve experts is recommended for expert elicitation.
In this study, a sample size of six experts was included.

2.3. Statistical Methods

Statistical analysis was conducted in STATA version 14.1 [23], and R version 4.1.1
(R Core Team, Auckland, New Zealand), using RStan and bayestestR packages for the
Bayesian model [24-26]. A summary of the current and historical data was presented as
arithmetic mean (AM), standard deviation (SD), geometric mean (GM), and geometric
standard deviations (GSD). Each HEG is said to be unique [6], however the same job
title and work activity can be found in different HEGs. The median difference in job title
exposure across HEGs was assessed by using the Kruskal-Wallis Test, a non-parametric
version of the analysis of variance (ANOVA). A job title with a statistically significant
p-value of less than 0.05 at the 95% confidence interval was not selected for the Bayesian
analysis, as this would mean the exposure distribution is different across HEGs. Such a job
title is not regarded as having a similar exposure profile.

2.3.1. Producing Joint Distribution from Experts” Elicitation

We used the Sheffield Elicitation Framework (SHELF) tool to produce the joint probabil-
ity distribution. SHELF is an open-source tool developed by the University of Sheffield [27].

The SHELF tool finds the distribution that best fits the expert’s elicited judgement.
The SHELF tool works by using lease squares procedures by finding a distribution that
best fits the given expert’s data inputs by minimizing the sum of squares of the residuals.
Recall that occupational exposure data are best fitted by a lognormal distribution. In this
study, we used lognormal distribution to produce our prior means and variance for the
Bayesian framework. In the SHELF tool, we used the quartile method to elicit our expert’s
judgement in a continuous quantity [28].

The Quartile methods ask for experts” median and quartiles. The quartiles are pre-
sented as lower (Q1) and upper quartiles (Q3). The lower (L) and upper (U) limits during
the elicitation were 0 and 100%. The 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 in
Appendices B and C, we collected the expert’s best guess in form of percentages to dis-
tribute the P95 grouping according to the exposure categories. Additionally, we asked
about their minimum and maximum percentages on the probability of the P95 coal dust
exposure. This was important to capture the expert’s uncertainty when they may not be
sure about their best guess. Therefore, in the Quartile methods, the best guess was used as
the median, while their minimum and maximum percentages were represented as the Q1
and Q3, respectively. The cumulative probabilities were set at 0.25, 0.5, and 0.75.

A minimum informative non-parametric distribution then spread the mass uniformly
between estimates to make sure the joint distribution fully is the expert assessment [29]. The
arithmetic mean of the lognormal mean and variance was obtained with the assumption
that each expert contributed equally. The mean and variance were then used prior to the
Bayesian framework for the exposure compliance assessment.

2.3.2. Bayesian Framework

Consistent and similar coal dust exposure from expert judgements data of the job
titles were used to update current monitoring data. The posterior geometric mean (GM),
geometric standard deviations (GSD), P95, and the probabilities of finding the 95 exposure
in each of the exposure control categories were obtained. For the prior specification, we
randomly selected a prior sample size of five out of the six experts” data collected, as
recommended from earlier studies for occupational exposure assessment [30,31]. From the
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occupational exposure perspective, the prior sample size should be from 10% to 40% of
the current data so that the posterior distribution learned more from the current likelihood
data than from the prior distribution. Therefore, the sample size of five was used to keep
the focus of the posterior distribution on the current data, as the sample size of the current
data increases. In Bayesian statistics, the posterior distribution is a compromise between
the information from the prior and the current data, but the distribution must be seen from
the current data to a good measure as the sample size increases [32]. For the likelihood
function, we took all the available current monitoring data.

2.3.3. Model Specification Using Current Likelihood Data

The likelihood was specified as 1 and o which is the GM and GSD, respectively. The
likelihood function is presented below in Equation (1).

n

u,ffz) =11

(rogy; — wp?
=1 Y;oV2m

1
exp ) 5 (1)

]} IN(y,

o

y; is the log-normal (LN) current monitoring data, n is the number of observations. The
OEL exposure categories were added as a random variable in the model directly to produce
the posterior probability distribution of the P95 to each of the categories [30,31].

2.3.4. Model Specification Using a Non-Informative Prior Distribution, and Informative
Prior from the Historical Data and Expert Judgements

The non-informative prior follows a uniform distribution with GM and GSD.

For the GM, 1 = LnGM ~ Unif(a,bgy), and for the GSD, o* = LnGSD ~ unif(aghy),
where a and b are the lower and upper bounds of the prior distribution, respectively.

For the informative prior, the GM p takes the form as shown below in Equation (2).

i ~ Norm (?0 530 /no) )

where y, and s5, are the prior mean and variance, respectively, and ny is the prior sample size.
For the GSD, the variance is given by Equation (3).
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Forny > 1, where IG (a, b) is an inverse gamma distribution in Equation (4) with
shape parameter a, and scale parameter b
Therefore,
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Further details on the prior specification and full conditional for y and o? are available
at Made et al. [33], and Quick, 2017 [31].

2.3.5. The Sensitivity Analysis for the Parameter Space

In this study, we placed restrictions on the lower bounds of the p and ¢® and P95
using the suggestions from Bayesian decision analysis (BDA) [15]. For the upper bound,
we took motivation from Quick, 2017 [31], and allowed it to vary iteratively. The upper
bound was not placed on any restriction to avoid being unfairly skewed towards a more
favorable or unfavorable result. Despite this, we believed that the use of the parameter
space might misclassify an exposure to a wrong exposure category. Therefore, we randomly
took two job titles, namely shuttle car operator and pump attendant. We changed the
parameter space and compared their findings.
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In shuttle car operator, the GM and GSD’s lower bound was set at 0.00001, assuming
that the coal dust exposure cannot be zero. Their upper bound is set to be just above the
GM and GSD values calculated in this study data. The GM is 1.08 so the upper bound
was placed at 1.09; the GSD is 2.62 and upper bound was placed at 2.63, to make sure the
exposures estimate fall within.

For the pump attendant, we placed the upper bound of the GM to be 0.42, just above
the actual value of 0.41, while GSD was placed at 3.42 above the actual value of 3.41.

We also ran analysis on these two job titles without placing any restrictions on the
parameter space. In other words, no lower and upper bounds were specified.

The full posterior conditional distribution was drawn using the Markov chain Monte
Carlo (MCMC) of the Gibbs sampler [34]. The Gibbs sampler was used because of computa-
tional flexibility. The Gelman-Rubin convergence diagnostics was used to assess the stationary
of the posterior distributions including the reliability of the posterior samples. Please refer to
Made et al. [33] for more details on the Gibbs sampler and convergence diagnostics.

3. Results

A summary of the job titles and their corresponding exposures are presented in Table 1.
A total of 10 job titles were included in this study. The job titles were chosen on the basis
that they have both monitoring (current) data and earlier (historical) data in the HEG they
belong to. There are 455 observations in the monitoring data and 108 from historical data.
Six job titles in the current data showed high exposure variability according to the GSD
(GSD greater than 3), while from the historical data, eight job titles showed high exposure
variability according to the GSD. All the job titles showed statistically non-significant
differences in median exposure variation across their parent HEGs (p < 0.05).

Table 1. Summary of coal dust exposure concentration (TWA8h) in mg/m? for the current monitoring
data and their corresponding historical past data, and comparison of the median exposure across
HEGs.

Data Year n AM SD GM GSD p-Value *
Current data
Beltsman 2015 18 0.76 0.72 0.48 294 0.5694
CM Operator 2018 116 2.08 1.87 1.28 3.30 0.1014
Conveyer belt Attendant 2015 29 0.93 0.75 0.66 241 0.0917
Emico Driver 2015 24 1.13 1.02 0.54 511 0.3116
Electrician 2015 52 1.55 1.52 0.87 3.75 0.0617
Face Boss 2018 35 1.56 1.76 0.80 3.68 0.8640
Pump Attendant 2016 18 074 0.82 0.41 3.41 0.3955
Roofbolt Operator 2018 101 177 1.66 111 3.03 0.0853
Safety Officer 2018 16 278 2.05 2.06 245 0.8169
Shuttle Car Operator 2018 46 1.60 1.34 1.08 2.62 0.1615
Historical data
Beltsman 2009 14 1.07 0.89 0.66 3.31 0.1653
CM Operator 2009 11 2.10 2.05 0.70 8.46 0.1573
Conveyer belt Attendant 2009 7 0.64 0.56 0.42 292 0.3012
Emico Driver 2009 6 0.81 0.73 0.43 4.29 0.5319
Electrician 2009 14 1.70 2.03 0.75 5.31 0.3618
Face Boss 2009 22 1.00 0.97 0.46 4.89 0.8495
Pump Attendant 2009 8 0.66 0.69 0.42 2.86 0.3679
Roofbolt Operator 2009 8 1.70 2.58 0.81 3.54 0.5319
Safety Officer 2009 8 0.70 0.56 0.38 457 0.4060
Shuttle Car Operator 2016 10 13 1.11 0.69 459 0.2352

n: sample size; AM: athematic mean; SD: standard deviation; GM: geometric mean; GSD: geometric standard
deviation. * p-value to test the difference in dust exposure of each job title across HEGs.

Table 2 shows the posterior GM, GSD, and P95 from the Bayesian analysis. The GM
from the non-informative and informative prior distribution were all below the OEL. Only
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Beltsman

one job title had a GM above the OEL in the Bayesian findings generated by informative
prior from expert judgments. For variability of exposures, four and five job titles showed
high variability according to the GSD in the non-informative and informative prior from
historical data, respectively. The posterior GSD from the expert judgments showed that six
job titles had a high variability of exposure. Three of the job titles showed consistently high
variability of exposures across all the methods.

Figure 1 shows the comparison of the posterior P95 by job titles. The findings from
the use of expert judgments as prior indicated higher P95 in all job titles exposure. Only
for pump attendants, roofbolt operators, safety officers, and shuttle car drivers, the P95
is lower from historical data than from the non-informative prior distribution. Table 3
estimates the probabilities of grouping exposure in each exposure category. Overall, there
were high probabilities (above 75%) of finding exposures in the highest category (4) (above
OEL/very poorly controlled). The pump attendants’ exposures had a higher probability
of being in exposure category 4 from non-informative prior (79.69%) than historical data
(73.09%). However, there were higher probabilities of being in exposure category 3 when
using historical data compared to the non-informative. The findings from the experts
showed more than a 99.9% probability of all the exposures in the poorly controlled group
(exposure category 4).

B Non-Informative M Informative (Historical data) M Informative (Experts data)

CM Operator Conveyerbelt Emico Driver Electrician  Face Boss Pump Roofbolt  Safety Officer ~ Shuttle Car

Attendant Attendant Operator Operator

Job titles

Figure 1. The comparison of the patterns of the posterior median (95% Crls) of the P95 for non-
informative and informative (historical and expert data) distributions of the TWAS8h dust concentra-
tions across the job titles. The red horizontal is the SA OEL = 2 mg/m°.

Table 4 shows the results of the sensitivity analysis. The findings of the parameter space
we employed versus putting no restriction on the bound and using different parameter
values were compared (see Section 2). Using no parameter space revealed 100% probability
of finding the P95 in the highest exposure category. Using parameter values described in the
Section 2 showed similar findings with the values inspired by the BDA on the probabilities
of locating the P95 in each exposure category. The posterior probabilities when using
experts’ judgment as prior were similar (99.94% versus 99.91% for exposure category 4).
The findings from the non-informative and informative prior from historical data showed
slightly higher probabilities of the exposure in category 3 when using different parameter
values than values from the BDA. Since we used a lower parameter space for the lower and
upper bound, this resulted in lower probabilities of finding exposures in category 4.
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Table 2. The median (95% credible interval (Crl)) of the posterior GM, GSD, and the P95 percentiles of the TWA8hdust concentration and the P90 according DMRE
CoP (OEL is 2 mg/m?).

Non-Informative

Informative from Historical Data

Informative from Expert Judgments

Job Titl GM GSD Pos GM GSD Pos GM GSD P9s
(o] 1lles
Median (95% Crl)  Median (95% Crl)  Median (95% Crl)  Median (95% Crl)  Median (95% Crl)  Median (95% Crl) Median (95% Crl) Median (95% Crl)  Median (95% Crl)
Beltsman 0.48 (0.28, 0.83) 2.90 (2.48, 3.64) 277 (1.63, 5.60) 0.47 (0.27, 0.80) 3.01 (2.61, 3.66) 2.87 (1.67, 5.46) 0.84 (050, 1.38) 3.10 (2.67, 3.58) 5.48 (2.86, 9.36)
CM Operator 1.28 (1.03, 1.59) 299 (2.80, 3.23) 7.80 (6.18, 10.03) 1.25(1.00, 1.57) 3.06 (2.87, 3.29) 7.91 (6.22, 10.06) 1.37 (1.11, 1.70) 3.00 (2.82, 3.22) 8.42 (6.65, 10.66)
C‘X‘t‘t’:gg::f“ 0.66 (0.48, 0.94) 2,50 (2.32, 3.03) 2.50 (2.25, 5.06) 0.64 (0.47, 0.87) 257 (2.33, 2.95) 3.04 (2.21, 4.50) 0.80 (0.55, 1.21) 2.84(2.53, 3.30) 443 (288, 7.67)
Emico Driver 0.51 (0.26, 0.90) 3.58(3.09, 4.24) 4.21(2.26,7.15) 0.56 (0.34, 0.92) 3.47 (3.03,4.02) 4.41(2.58,7.14) 0.91 (0.58, 1.33) 3.41(3.08,3.79) 6.98 (4.33, 9.40)
Electrician 0.86 (0.60, 1.22) 3.18 (2.87, 3.57) 578 (3.99, 8.52) 0.83(0.57,1.18) 3.26 (2.96, 3.64) 5.82 (3.07, 8.43) 1.31(0.98, 1.69) 3.14 (2.89, 3.39) 8.72 (6.14,10.87)
Face Boss 0.79 (0.51, 1.20) 3.16 (2.80, 3.64) 5.27 (3.38, 8.34) 0.75(0.47, 1.16) 3.28 (2.92,3.74) 5.35(3.38, 8.25) 1.19 (0.83, 1.64) 3.13(2.83,3.45) 7.92(5.14, 10.61)
Pump Attendant  0.40 (0.22, 0.74) 3.11(2.63, 3.91) 2.61 (144, 5.50) 0.38(0.24, 0.62) 2,00 (2.60, 3.65) 2.35 (1.43, 4.25) 0.82 (0.48, 1.32) 3.24 (2.80, 3.70) 5.80 (2.94,9,22)
Roofbolt Operator 1.11 (0.90, 1.39) 2.88(2.69,3.12) 6.34 (5.02, 8.31) 1.04 (0.84, 1.29) 2.86 (2.68,3.10) 5.90 (4.72, 7.56) 1.17 (0.94, 1.47) 2.91(2.73,3.16) 6.82 (5.36,9.02)
Safety Officer 1.98 (1.24, 2.93) 259 (2.27, 3.06) 9.57 (6.17, 14.04) 1.57 (0.88, 2.44) 2.84 (2.50,3.36) 8.80 (5.47, 12.83) 230 (1.54, 3.18) 268(242,3.00)  11.81(7.96, 15.07)
Sg;t‘i:t(;?r 1.08 (0.81, 1.45) 2.69 (246, 3.04) 5.52 (4.08, 8.01) 1.05 (0.80, 1.38) 2.68 (0.80, 1.38) 5.32 (3.98, 7.46) 1.35(1.03, 1.84) 2.73(2.50, 3.06) 7.10 (5.06, 10.60)
P95: 95th percentile; Crl: Credible interval.
Table 3. The estimated exposure category probabilities for the posterior 95th percentile of the TWAB8h dust concentration of the non-informative and informative
Bayesian frameworks (OEL = 2 mg/ m?).
HEG Non-Informative Informative from Historical Data Informative from Experts” Data
P95 Category 1 Category 2 Category 3 Category 4 P95 Category 1 Category 2 Category 3 Category 4 P95 Category 1 Category 2 Category 3 Category 4
Beltsman 277 0 0.25% 12.07% 87.67% 287 0 0.18% 9.52% 90.29% 5.48 0 0 0.06% 99.95%
CM Operator 7.80 0 0 0 100% 7.9 0 0 0 100% 842 0 0 0 100%
Cﬁ“’e—" er belt 259 0 0 0.38% 99.62% 3.04 0 0 0.40% 99.60% 443 0 0 0.02% 99.99%
ttendant
Emico Driver 421 0 0.03% 1.04% 98.93% 441 0 0 0.19% 99.81% 6.98 0 0 0 100%
Electrician 578 0 0 0 100% 5.82 0 0 0 100% 8.72 0 0 0 100%
Face Boss 527 0 0 0 100% 5.35 0 0 0 100% 7.92 0 0 0 100%
A 5”“1? 2.61 0 1.16% 19.14% 79.69% 235 0 0.91% 25.99% 73.09% 5.80 0 0 0.06% 99.94%
endant
g“’“fb“"t 634 0 0 0 100% 5.90 0 0 0 100% 682 0 0 0 100%
peratc[
Satety Otficer 957 0 0 0 100% 8.80 0 0 0 100% 11.81 0 0 0 100%
Shuttle Car 5,52 0 0 0 100% 5,32 0 0 0 100% 7.10 0 0 0 100%
Operator

Category 1: P95 TWAS8h concentration < 0.1 OEL (Very highly controlled); Category 2: P95 TWASh concentration > 0.1 OEL < 0.5 OEL (Highly controlled); Category 3: P95 TWAS8h
concentration > 0.5 OEL < OEL (Adequately controlled); Category 4: P95 TWASh concentration > OEL (Poorly controlled).
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Table 4 Sensitivity analysis to compare the parameter values used for the lower and upper bound in this study.

o Using Parameter Values from BDA Placing No Restrictions on Bounds Using Different Parameter Values
rouping
Category 1 Category2  Category3  Category4  Categoryl  Category2  Category3  Category4d  Categoryl  Category2  Category3  Category4

Non-informative 0 116% 19.14% 79.69% 0 0 0 100% 0 1.24% 2085 7791%
Pump Attendant Historical data 0 0.91% 5.%9% 73.0%% 0 0 0 100% 0 1.62% 29.11% 69.27%
Exert judgments 0 0 0.06% 99.94% 0 0 0 100% 0 0 0.09% 99.91%
Shuttle Car Norinformative 0 0 0 100% 0 0 0 100% 0 0 0 100%
Ovetat Historical data 0 0 0 100% 0 0 0 100% 0 0 0 100%
peratot Frertjudgments ) 0 ) 100% 0 0 ) 100% 0 0 0 100%

Category 1: P95 TWABSh concentration < 0.1 OEL (Very highly controlled); Category 2: P95 TWABSh concentration > 0.1 OEL < 0.5 OEL (Highly controlled); Category 3: P95 TWASh
concentration > 0.5 OEL < OEL (Adequately controlled); Category 4: P93 TWASh concentration > OEL (Poorly controlled).
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4. Discussion

This study aimed to compare the posterior probabilities of grouping the P95 according
to the COP exposure control categories or groups. We derived informative prior distribu-
tions from expert judgments and historical data for each job title. Since the same job titles
were found in more than one HEG or mining area, we included those that were similar in
exposure distribution across HEG. This is important, as each HEG could have different
exposure control methods that could influence exposure variability. [t is only natural that
the exposure distribution of a job title should be similar regardless of the area, since they
perform the same work activity [6]. This is important, because their findings can be general-
ized back to the workers that have yet to be selected. In occupational exposure assessment,
incorporating expert judgments in a Bayesian framework for exposure categories was first
used and proposed by Hewett et al. [15]. The use of expert judgments in this study is
necessary because if historical data are unavailable or inadequate, expert knowledge can al-
ways be used to answer questions about the quantity of interest. The expert elicitation was
conducted using a modified IDEA [17]. We changed the IDEA technique by not allowing
expert judgments to be shared among each other. It was good to avoid a more experienced
expert having too much influence over the final expert prior to distribution. The confidence
level in individual expert judgments was adjusted using the 70% upper credible limit
from the Committee of European Normalization approaches [35]. The joint probability
lognormal distribution for the prior mean and variance from the individual experts were
derived using the SHELF package [27]. The lognormal parameters were generated so that
the lower point is the 2.5th percentile and the highest value is the 97.5th percentile. SHELF
was used to conduct the elicitation of uncertain quantities in the form of probabilities from
a group of experts. Instead of running expert group interaction and sharing information to
get a consensus, we only used SHELF to produce the lognormal distribution of the mean
and variance of the uncertain quantities. These parameters were used as informative priors
in a Bayesian framework.

Our study found that the posterior GM from non-informative priors and the prior
derived from historical and expert data were all below the OEL (OEL = 2 mg/m?), showing
no overexposure risk when considering the GM as a parameter to estimate the risk (Table 2).
It is important to know that exposure management decisions are based on the P95 of
the lognormal exposure distribution [36]. The posterior GSD showed more job titles had
very high exposure variability in the expert prior than in the historical and weak priors.
The distribution of the median P95 (95% Crl) across all methods is in Figure 1. The P95
estimates the upper bound of the TWASh exposures and can be achieved for 95% of the
workers [37]. Compared to the other two approaches, the P95 was mostly lower in the
non-informative prior. The 95% Crls were more expansive in the non-informative prior
and the prior derived from experts’ judgments. That means that a risk decision may not be
taken with high confidence, since the level of uncertainty is high. The reason the experts’
data had a wider 95% Crl may also be due to the different beliefs of experts about their
uncertainty and level of confidence.

The posterior probabilities of finding the P95 in a specific exposure control category are
shown in Table 3. From the informative prior from historical data, there were at least 75%
probabilities of finding the exposures in the highly exposed exposure category 4 similarly to
the non-informative prior distribution. The findings from using expert judgments showed
more than 95% probabilities of exposures in the highest exposure category. This may show
the experts either overstated their beliefs or their exposures were higher. The results from
the experts are inconsistent with those from previous studies where qualitative exposure
assessments showed underprediction of exposure by experts [38,39]. The results generated
by the experts and historical data tend to show more consistency. These higher probabilities
of finding the P95 in the highest exposure category when using expert judgments might be
attributed to overconfidence on the part of some experts, despite reducing their confidence
level by 30%. Some of the (GSDs indicated low variability of exposure, but the respective
probabilities of locating the P95 were found in higher exposure control categories. These
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contrasting results might show that incorrect priors updated the posterior P95. Therefore,
more sampling might be needed to repeat the process and reach a decision. Our results also
contrast with the earlier study, which used HEGs; here, we found that the probabilities of
the exposures being in the higher category (poorly controlled exposure) were greater than
95% [33]. This clearly explains why grouping by using a job title can give a truer exposure
distribution than grouping according to HEGs. Despite having only some of the data for
compliance testing, exposure determinants, e.g., specific activities (often associated with
job titles), workplace conditions, and production volume, are highly needed in exposure
assessment [40,41]. Therefore, job titles are important to consider as a determinant of
exposure variation.

The BDA motivated the lower and upper bounds placed on the parameter space in this
study (see Table 4) [15]. The use of bounds in the parameter space is essential to avoid the
exposure being classified in an unfavorable exposure category, either in the lowest exposure
category, the highest exposure category, or infinity. According to the BDA, the GM and GSD
cannot be any values, no matter how large or near-impossible they can be like in frequentist
statistics. Thus, the minimum and maximum values were set as bounds for GM and
GSD. However, in this study, specifying bounds for the parameter space might misclassify
exposure towards the favorable or unfavorable exposure control category. We conducted
a sensitivity analysis to compare the bounds adopted in this study with if no bounds are
specified, or different bounds are used. The findings suggest that using no bounds tends to
place exposures in the poorly controlled exposure category compared to using parameter
values in the parameter space. The use of another bound shows comparable results to
the one we adopted. It is also natural that exposure measurement values in occupational
settings cannot be extreme or at infinity, thus the use of bounds. An earlier study revealed
that because of the small sample size of the data, the use of no bound could have placed
the exposure in the highest exposure category [31].

We draw strength from this study because Bayesian statistics naturally allow earlier
information from historical data or expert judgments to be incorporated into the model with
the current data for informed decision-making [7]. Even with a small sample size, the results
are robust and easy to interpret, even by non-statisticians. One limitation of the study is
that, since we had inadequate data from experts, we could not apply weighted aggregation,
which would have improved the accuracy of the prior experts. Experts” judgments can
also be very biased, and their responses are dependent on their knowledge of the activities
of a specific job title. Human judgments can be complex and biased. Sometimes experts
rely on the Rule of Thumb to make decisions or judgments about unknown quantities,
including probability assessments. The Rule of Thumb does not synthesize information
like the algorithmic process to arrive at a particular judgment [42,43]. Therefore, biases
might be common with the use of expert judgments. Expert training is highly encouraged
in an expert elicitation process to minimize biases and improve the cognitive interpretation
of the information needed. Finally, it is important to note that Bayesian analysis also offers
confidence in whether to use experts’ judgment as a prior or not, as it can compare expert
prior updates with the non-informative prior.

5. Conclusions

Expert judgments are particularly useful when data are scarce or the available data
are inadequate. It is well known that experts’ judgments can be very biased, but the use of
a robust method and a sensitivity analysis may minimize the bias. Our findings suggest
that prior expert judgments can produce similar posterior probabilities of exposure when
compared to historical data. This study seeks to advance the prevention of overexposure
to coal dust. Therefore, mine ventilation engineers, occupational hygienists, and safety
officers are encouraged to incorporate our findings into their routine risk assessments.
Future occupational exposure compliance assessments should be based on this Bayesian
framework, where historical data or, if unavailable, experts” judgments should be used to
reach an informed decision.
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Appendix A

Table A1. The Exposure Control Categories for Classifying the P95 of Exposure Compared to the
OEL and Sampling Strategy of HEGs (Job Titles) in the SAMI Col.

Category Description Statistical Il1lustration Exposure Profile Minimum Frequency
Bxposures less than Meacurementreule that e -+
L 10% of the QEL 5% of P95 < 0.1% OEL Very highly controlled below 10% of the OEL will be
the time .
reported under this category
Exposures exceed 10% Sample 5% of employees within a
5 of the OEL and less P95 > 0.1 OEL and Highly controlled HEG on an annual basis with a
) than 50% of the OEL <0.5 OEL ¥ minimum of 5 samples per HEG,
5% of the time whichever is greater.
Exposures exceed 50% Sample 5% of employees within a
3 of the OEL and less P95 > 0.5 OEL and Adequately controlled HEG on a 6-monthly basis with
: than OEL 5% of <OEL q ¥ a minimum of 5 samples per HEG,
the time whichever is greater
Sample 5% of employees within a
4 Exposures exceed the P95 > OEL Poorly controlled HEG on a 3-monthly basis with

OEL 5% of the time

a minimum of 5 samples per HEG,
whichever is greater.

Appendix B Data Collection Questionnaire

Experts Prior Elicitation

Instruction for the experts

Based on the 95th percentiles (P95) value of the eight-hour time-weighted average
(TWASh) coal dust concentration distribution for a specific job title, question (a) will ask
vou to rate (in percentages) where you think the chances are (or the likelihood is) that the
P95 would be in each of the occupational exposure category. Instruction: If you think that it
is absolutely clear that it will fit in exposure category 4, you fill in 100% and leave the rest of
the categories empty; if you think that the highest chance is (most likely) that the P95 will
be in exposure category 4, e.g., 80%, but there also a chance that it will be in category 3, say
20%, you fill in 80% for category 4 and 20% for category 3. The total sum of the percentages
should be equal to 100. Therefore, you have to distribute your ratings in categories in a
way that the total is 100%.

The next question (b) asks you to give the range (minimum-maximum) of the percent-
ages that you answered to question a (your best estimate).
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Question (c) is about your level of confidence that the answer(s) you gave to questions
an and b are correct. Please bear in mind that this is about your level of certainty and is
different from the estimated distribution of the P95 over exposure categories, as was asked
in questions (a) and (b).

Table 1 is the description of the exposure categories. Below are the three questions that
you can use to put your rating in percentages in Table 2 for each job title. For question a,
please make sure your answers are equal to 100%.

Expert elicitation questions for Table 2 (please give all answers in percentages).

(a) Based on your experience in the industry, what would be your best guess in percentages,
of the P95 of exposure concentrations being found in each of the exposure categories?

(b) What would be the maximum and minimum percentages in each of the exposure
categories?

(c) How sure are you that the above answers are correct?

Appendix C

Table A2. Experts rating. kindly give a value between 0 and 100% (for example, 10%, 15%, or 60%).
No value should exceed 100%.

SA Exposure Categories, Coal Dust OEL (2 mgfms}

Job Titles Ratings . P95 > 0.1 OEL P95 0.5 OEL .
P95 < 0.1% OEL and <0.5 OEL and <OEL P95 > OEL Total (%)
. L. a 40% 5% 20% 35% 100

Jobfitie X (Thisisan 20% to 70% 0 to 15% % to 30% 30 o 90%
example, say for expert 1) c 70% sure 50% sure 90% sure 100% sure

a 100
Beltsman b

c

a 100
CM Operator b

c

a 100
Conveyer belt Attendant b

c

a 100
Emico Driver b

C

a 100
Electrician b

c

a 100
Face Boss b

C

a 100
Pump Attendant b

c

a 100
Roofbolt Operator b

c

a 100
Safety Officer b

c

a 100
Shuttle Car Operator b

C

a: Based on your experience in the industry, what would be your best possible guess in percentages, of the P95 of
ex-posure concentrations being in each of the exposure categories? b: What would be the maximum and minimum
per-centages in each of the exposure categories? c: How sure are you that the above answers are correct?
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Question (c) is about your level of confidence that the answer(s) you gave to questions
an and b are correct. Please bear in mind that this is about your level of certainty and is
different from the estimated distribution of the P95 over exposure categories, as was asked
in questions (a) and (b).

Table 1 is the description of the exposure categories. Below are the three questions that
you can use to put your rating in percentages in Table 2 for each job title. For question a,
please make sure your answers are equal to 100%.

Expert elicitation questions for Table 2 (please give all answers in percentages).

(a) Based on your experience in the industry, what would be your best guess in percentages,
of the P95 of exposure concentrations being found in each of the exposure categories?

(b) What would be the maximum and minimum percentages in each of the exposure
categories?

(c) How sure are you that the above answers are correct?

Appendix C

Table A2. Experts rating. kindly give a value between 0 and 100% (for example, 10%, 15%, or 60%).
No value should exceed 100%.

SA Exposure Categories, Coal Dust OEL (2 mgfms}

Job Titles Ratings . P95 > 0.1 OEL P95 0.5 OEL .
P95 < 0.1% OEL and <0.5 OEL and <OEL P95 > OEL Total (%)
. L. a 40% 5% 20% 35% 100

Jobfitie X (Thisisan 20% to 70% 0 to 15% % to 30% 30 o 90%
example, say for expert 1) c 70% sure 50% sure 90% sure 100% sure

a 100
Beltsman b

c

a 100
CM Operator b

c

a 100
Conveyer belt Attendant b

c

a 100
Emico Driver b

C

a 100
Electrician b

c

a 100
Face Boss b

C

a 100
Pump Attendant b

c

a 100
Roofbolt Operator b

c

a 100
Safety Officer b

c

a 100
Shuttle Car Operator b

C

a: Based on your experience in the industry, what would be your best possible guess in percentages, of the P95 of
ex-posure concentrations being in each of the exposure categories? b: What would be the maximum and minimum
per-centages in each of the exposure categories? c: How sure are you that the above answers are correct?
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