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Abstract

The mining industry in Ghana, despite its economic significance, continues to grapple
with occupational health and safety (OHS) issues, which include but are not limited
to high accident rates and a largely reactive approach to safety. In this study, current
practices in OHS management are assessed and a model is developed that reflects the
interdependencies and associations between workplace hazards, accidents, health effects
and preventative actions in a probabilistic fashion. A quantitative analytical design was
employed and a sample of 298 workers, safety officers and supervisors from mines were
surveyed. The data were analysed using Principal Component Analysis (PCA) to derive
latent OHS factors, K-modes clustering and Hierarchical Clustering to classify worker
safety profiles, and a Bayesian Network model was employed to investigate probabilistic
dependencies. Three major OHS dimensions emerged from PCA: perceived adequacy of
safety measures, formal training exposure, and safety resources. Three distinct worker
profiles were identified, suggesting that the provision of physical safety equipment does
not necessarily reflect perceived operational safety. Moreover, the Bayesian Network model
indicated a conditional dependency between workers’ reported health issues and formal
accident reporting, and that high hazard environments more than double the probability of
an accident occurring (from 0.216 to 0.453). The results indicate that the industry is now
operating in an incident-based manner. In order to mitigate the likelihood of accidents,
management needs to move towards anticipatory safety management systems, which
involve proactive health monitoring, equipment maintenance, and implementation of
safety policies in practice.

Keywords: modelling; Ghana; mining

1. Introduction
The mining sector in Ghana is an important part of the national economy and con-

tributes significantly to employment, foreign exchange and economic development. About
6% of the country’s Gross Domestic Product (GDP) comes from the sector’s contribution,
with gold accounting for 90% of all revenues derived from mining [1]. Mining is still one
of the most hazardous sectors in the world, with a high incidence of accidents, injuries
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and deaths, despite its economic importance. Both large-scale operations and small and
artisanal mining (SAM) in Ghana face persistent health and safety problems which threaten
the well-being of workers and the effectiveness of the organisation. Peer-reviewed epi-
demiological studies reveal a high incidence of accidents among Ghanaian miners, with
an estimated incidence of 19.67 accidents per 200,000 h worked, and a reported injury
rate of around 25.5% of the workers surveyed in the last year. However, there are only
few national statistics on the precise number of accidents and injuries associated with
work. In a retrospective statistical analysis of major gold mining companies in Ghana,
it was found that out of all recorded accidents, 30% were classified as serious and 20%
resulted in fatalities [2]. The structural safety shortcomings of the sector were highlighted
by the remarkable fact that the risk of injury was higher in unauthorised mining operations
than in those of officially regulated sites [3]. The risk is heavily dictated by operational
settings. For instance, underground mining increases the risk of a fatal accident by a factor
of 1.46 compared to surface operations [2]. Injuries are severely compounded in Artisanal
and Small-Scale Gold Mining, where safety oversight is minimal. Previous studies report
alarming injury rates ranging from 5.39 per 100 person-years in Tarkwa [4] to as high as
38.5–45.5 per 100 person-years in the Upper East Region [5], far exceeding injury rates in
highly mechanized and regulated sectors.

The mining sector in Ghana applies different institutional, organisational and individ-
ual aspects of OHS management practices, such as the use of management, safety protocols,
the use of personal protective equipment (PPE), training, and supervision. According to
empirical data from several Ghanaian studies, these procedures are often insufficient to
effectively reduce workplace risks and are not uniformly applied. For example, a study
conducted on small-scale miners found that, although most workers are aware of the safety
rules, the uptake of safety measures such as wearing personal protective equipment (PPE)
and conducting periodic safety inspections is still low, often due to resource constraints
and weak enforcement [6].

Some health and safety behaviours, such as the use of personal protective equipment
(PPE), show different probability patterns between different mining populations, in ad-
dition to general safety practices. In a cross-sectional study of artisanal gold miners, the
use of personal protective equipment (PPE) was relatively high overall (77.4%), but the
likelihood of using it increased significantly when working conditions were perceived as
more secure. These results show how individual safety behaviours and the organisational
context interact, but also reveal the complex and multifaceted nature of compliance with
OHS, which is not adequately represented by single-group analyses alone [7].

The results of the OHS are also affected by the interlinked socio-demographic factors
in Ghanaian mining workplaces. The incidence of accidents at work in the context of
ASM is significantly predicted by variables such as age, gender, work experience, hazard
awareness and role assignment, according to logistic regression analysis, which confirms
that the characteristics of the workers have a significant influence on the safety results [8].

The effectiveness of the management of health and safety risks influences organisa-
tional results such as recruitment and retention as well as immediate safety behaviour
and the outcomes of accidents. Previous quantitative studies in the Ghanaian mining
sector have shown that organisational commitment and turnover targets are statistically
significantly predicted by aspects of operational safety management, notably safety man-
agement and the availability of safety equipment. These studies highlight the importance
of efficient health and safety systems for human resources and the organisational costs of
non-compliance with security procedures [9].
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1.1. Regulatory Architecture and Standards for Ohs in Ghana’s Mining Sector

Under Ghana’s Legislative Instrument (LI), which relates to Occupational Health and
Safety Regulations in the Minerals and Mining (Health, Safety and Technical) Regulations,
2012 (L.I. 2182), under Minerals and Mining Act, 2006 (Act 703), mining companies are
legally required to develop occupational health and safety policies, conduct regular risk
assessments, provide adequate PPE, train employees in safe work procedures, maintain
machinery and equipment safely, monitor workplace hazards, conduct periodic medi-
cal examinations where necessary, report accidents and dangerous occurrences, develop
emergency response and mining rescue plans, and keep health and safety records [10,11].

However, Ghana’s first national OSH profile of 2025 shows systemic weaknesses in
the capacity of the inspectorate, fragmented supervision, weak injury and disease control,
and extensive informal work without comprehensive OHS coverage, underlining the need
for a more robust risk-based approach beyond compliance with the rules [12].

1.2. Sector Performance and Injury Patterns

Industry statistics show a varying safety trends, with an increase in severity categories
and numbers of non-fatal injuries, but a decrease in the number of fatalities. According
to the 2024 safety data presented by the Ghana Chamber of Mines and the Minerals
Commission, three deaths occurred (down from seven in 2023), alongside a concerning rise
in lost working time from injuries. Specifically, 265 injuries were recorded, encompassing
both first aid cases and serious incidents requiring more than 14 days away from work [13].
This trend indicates that while fatal accidents have seen a reduction, persistent gaps remain
in proactive risk management. Further longitudinal analyses of these injury reports reveal
that the vast majority of these incidents, up to 85 percent of injuries and 90 percent of
fatalities in sampled mines, are directly linked to mining equipment. Maintenance tasks,
the operation of mobile equipment, and cleaning activities consistently rank among the
most hazardous operations, underscoring the critical need for targeted and preventative
safety interventions [14].

Research on Ghanaian large-scale miners have shown that musculoskeletal disorders
and headaches are often associated with morbidity. These disorders are mainly linked to
higher injury rates among engineers and mechanics, while long hours are associated with
increased risk factors for ergonomics and organisation. At the same time, organisational
research shows that OHS practices (e.g., training, procedures, PPE, and audits) influence
safety knowledge, culture and behaviour. In addition, transformational leadership strength-
ens the link between OHS programmes and first-line behaviour, integrating leadership and
culture alongside technical controls in all multivariate risk models for Ghana [15,16].

Injuries and risk exposure are not only limited to large-scale mining companies, but
also Artisanal and Small-Scale Mining (ASM) as well. Recent descriptive work in ASM
districts in Ghana has revealed awareness of safety regulations but uneven application of
PPE, with results on use of safety shoes being skewed; injuries range from cuts, fractures,
sprains and strangulation, and safety measures focus on training and initial monitoring
rather than systematic risk assessment. However, this study focuses on large-scale mining.

National initiatives such as the EPA-led Mercury Reduction and Clean Coal Demon-
stration Centres under the AEHPMP aim at reducing toxic exposure (e.g., to mercury) and
improving ASM process safety through technology demonstration and training, creating a
political lever to link OHS to environmental health [17].

1.3. Occupational Health Services, Hygiene, and Surveillance Gaps

From the point of view of occupational health, large-scale mines are often operated
by in-house or outsourced occupational health services, but there are still few occupa-
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tional health specialists in the Legislative Instrument (L.I. 2182) and there are no specific
surveillance mandates for several classes of hazards (e.g., vibration, ionising radiation, and
noise), which results in heterogeneous monitoring across firms. The OSH 2025 profile also
identifies weak and non-integrated data systems for reporting on injuries and diseases as a
problem for statistical modelling and prevention, thus encouraging the use of probabilis-
tic and multivariate methods to maximise the use of sparse or imperfect data sets while
quantifying uncertainty [18].

1.4. OHS Management Systems and Organizational Determinants

Research in Ghana shows that formal OHS procedures and observed safety behaviour
are mediated and moderated by a safety culture within management. OHS practices predict
safety knowledge and culture, which in turn predict behaviour, according to the structural
models of a recent study on Ghanaian mines. Transformational leadership reinforces these
relationships, which suggests that, in addition to exposure metrics, organisational factors
should be included in any in-depth assessment. The idea that scales of organizational fac-
tors, validated by exploratory and confirmatory factor analysis, provide empirically sound
constructs for incorporation into multivariate models is supported by the International
Mining Safety Scholarship [19].

1.5. Why Multivariate? Evidence from Predictive and Explanatory Models

Studies on global mining data show that the demographics of the workforce (age and
tenure), time factors (start and end of shift), type of work (contractor versus operator),
type of mine, and the type of accident all contribute to the multi-factorial nature of injury
outcomes. These predictors are identified as relevant through multivariate logistic regres-
sion and related multivariate modelling of MSHA data; in particular, tenure in current
role is identified as an important risk factor, even for workers with considerable overall
experience, which provides practical insights for targeted initial and recurrent training
in Ghana. Text-based models using narrative accident reports (decision trees, random
forest, neural nets, and NLP features) often outperform structured data in predicting the
outcomes of accidents, and when narrative data is available, Ghanaian models highlight
the predictive value of time-to-move and days-to-work data to support the fusion of fea-
tures (structured + non-structured). These models go beyond tabular data and are based
on narrative accident reports (decision trees, random forest, neural nets, and NLP-like
constructs) [20,21].

A machine learning study on mining safety shows the potential of multi-class classifi-
cation and association rule mining to detect key indicators derived from safety interactions
and near-miss text approaches. These indicators, if properly located and managed, can im-
prove regulatory reporting in Ghana. In Ghana, where analyses of incidents often highlight
organizational, task-type, and equipment factors, systematic reviews also recommend that
risk analysis be carried out on human, operational, and environmental dimensions at the
same time [22].

1.6. Probabilistic Risk Assessment and Quantifying Uncertainty

The persistent limitations of descriptive conformity audits are addressed by probabilis-
tic methods addressing causation pathways, reporting fidelity and uncertainty regarding
exposure. In recent studies, methods have been introduced for multi-factor risk matrices
to increase qualitative and ordinal risk ranges by including additional coefficients. This
approach leads to more reliable gradients, as compared with scoring by a single factor. At
the same time, applied research using non-Ghanaian data sets shows that predictive risk
models such as linear and logistic models and stacking are able to predict increased risk
windows up to 24–48 h in advance of environmental and human factors. These models
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offer probabilistic results such as risk scores and predicted probabilities that can be used by
the management to plan, manage and target visits [23,24].

For regulators and companies, probabilistic outcomes are essential for moving from
lagging indicators to guiding controls, enabling L.I. 2182-based thresholds, mechanisms for
reporting and corrective action. They also offer a principled way to integrate environmental
EPA parameters (dust, fumes, and mercury) into the OHS dashboard of mines, in line with
environmental authorisation and AEHPMP initiatives in Ghana [14].

1.7. Synthesis: Gaps and Directions for a Ghana-Focused Multivariate Probabilistic Agenda

A review of the existing literature reveals a persistent disconnect between statutory
compliance and data-driven accident prevention. Specifically, four methodological short-
comings characterise current occupational health and safety (OHS) research within the
Ghanaian mining sector. First are the integration gaps. Ghanaian OHS compliance data
are often analysed in isolation. There is a critical need for multivariate fusion that inte-
grates worker characteristics, equipment maintenance, and task-based indicators into a
single analytical framework, as single analytical methods often lack accuracy in complex
socio-technical systems [25]. Secondly, there is a lack of probabilistic forecasting. Current
retrospective analyses frequently fail to stratify risk or quantify uncertainty [7]. To address
this, the application of probabilistic classification, specifically Bayesian networks, is useful
for dynamically representing probabilistic dependencies and accommodating uncertain or
incomplete data.

Third is the quantification of organisational determinants. Whilst factors such as safety
culture, formal training, and perceived adequacy of measures are known to be influential,
they are rarely measured as latent variables. Validated dimension-reduction and structural
models, such as Principal Component Analysis (PCA), are necessary to incorporate these
complex socio-cultural determinants as measurable predictors [26,27]. Fourth, the reliance
on reactive paradigms: existing models predominantly describe past incidents rather than
categorising worker safety profiles proactively to predict future hazard exposure.

A number of questions regarding the abovementioned disconnect remain to be ad-
dressed. This study seeks to answer the following research questions:

1. What are the latent dimensions underlying occupational health and safety (OHS)
management practices in Ghana’s mining sector?

2. What distinct worker safety profiles exist within the Ghanaian mining workforce
based on their safety barrier conditions?

3. How do workplace hazards, health issues, accident reporting methods, and preventive
actions conditionally relate to accident probability in Ghanaian mining operations?

4. Is the current OHS management system in Ghana’s mining sector predominantly
reactive or proactive in nature?

Addressing these methodological gaps aligns directly with Ghana’s Minerals and
Mining Policy and the OSH 2025 profile. By transitioning to an anticipatory management
model, this study provides the systemic, probabilistic framework required to bridge the
gap between basic statutory compliance data-driven, pre-emptive hazard mitigation.

2. Materials and Methods
A quantitative analytical design has been employed to explore the status of health

and safety practices in the mining sector. In this study, a systematic sampling technique is
used, which allows a representative coverage of mine workers. A survey was conducted
of 311 mine workers. This represents mine workers, workers on the surface, mine safety
officers and mining supervisors. R software (Version 4.5.3) was used to analysed the data.
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2.1. Sampling Technique

A multi-stage sampling method was used so as to ensure representativeness and
to be methodologically rigorous. To begin with, the sample was stratified according to
the nature of the job held in the mining industry, with the types including underground
workers, surface workers, safety officers and supervisors. This stratification was adequate
and allowed for adequate representation in the significant areas of operation. The sample
was stratified within each and simple random sampling was used to select the participants
without the introduction of any bias. Systematic sampling was also used in order to
organize lists of workers for efficient data collection in the field. This was a combination of
random and practical feasibility agreement and proportional representation across groups.

2.1.1. Sampling Proportions and Allocation Criteria

To ensure transparency regarding the sample composition and its representativeness„
the target population estimates and the planned proportional allocation are explained
in this section, as well as the actual sample distribution. The population for this study
consisted of workers in large-scale mining operations in the Ghanaian context. The study
took a large-scale mining operation as a focus since this is the formal and regulated part of
the mining sector where the management of occupational health and safety is most well
developed and systematic data collection possible. The sampling frame did not include
artisanal mining and small-scale (ASM) mining operations, as they are mostly informal and
do not have systematic OHS record-keeping. The companies that participated were chosen
from amongst the membership of the Ghana Chamber of Mines (incorporating Ghana’s
major large-scale mining companies) operating in Ghana. Three large-scale gold mining
companies located in Takwa, Bogoso and Prestea all located in the Western Region of Ghana
were purposively selected due to their willingness to participate, diverse operation (both
surface and underground) and accessibility for the purpose of the study.

• Inclusion Criteria: Current employment in a large-scale mining operation in Ghana
(underground mine, surface mine, or processing plant).
Employment duration of at least three months at the time of survey administration.
Willingness to provide informed consent and complete the survey questionnaire.
Age 18 years or older.
Able to understand and respond to survey questions in English or a local language.

• Exclusion Criteria: Workers employed in artisanal and small-scale mining (ASM)
operations.
Workers employed for less than three months at the time of survey.
Contract workers not directly engaged in mining operations.
Individuals unable or unwilling to provide informed consent.

2.1.2. Response Rate and Sample Composition

A total of 380 potential respondents were approached at the three participating mining
sites. 316 people completed the questionnaire, an 83.2% response rate. Data were cleaned
and listwise deleted due to incomplete responses (18 cases), yielding a final sample for
analysis of 298 (78.4% of approached population).

2.2. Data Source and Description

The information collected were mainly categorical and ordinal responses of the mine
workers on training, adequacy of safety measures, availability and maintenance of equip-
ment, perception of safety in the environment, sufficiency of protection equipment and
the effect of potential hazards. Demographic data were also collected, including age, gen-
der, education level, work role, and work experience. The study was conducted mainly
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through self-completion of the questionnaires, and care was taken to ensure that the an-
swers were confidential and anonymous in order to encourage truthfulness and minimize
social-desirability bias. The survey was conducted to ensure a representative cross section
of the mining workforce in the different operational mines (both surface and underground)
in Ghana. The number of samples, after cleaning, was 311 (298), which is small for national-
level inference and yet sufficiently large for the applied multivariate methods, especially
from a categorical perspective and for penalized likelihood scoring to avoid overfitting.

2.3. Model Specification: An Integrated Analytical Pipeline

This section offers a model specification of an integrated analytical pipeline. An in-
tegrated, sequential analytical pipeline is used in this study, in which the results of each
methodological step feed into the inputs and the structural design of the next step. These
are not used separately, but sequentially and as part of a comprehensive predictive risk
model made up of the data collected in a survey in a categorical format. The rationale for
this integration is provided by a sequential flow of information, which starts with dimen-
sionality reduction, continues with empirical profile grouping, and ends with probabilistic
dependency mapping.

Stage 1: Dimensionality Reduction and Variable Selection (PCA). The raw survey data
was subjected to First Order Factor Analysis (PCA) in order to decrease the dimension and
extract the latent OHS constructs (safety resources, training exposure, perceived adequacy,
etc.). Importantly, the variables measured that had high factor loadings in the PCA (includ-
ing equipment maintenance, training received, and hazard perception) were separated out.
These high-loading variables were retained for the subsequent clustering stage in order to
ensure that the resulting clustering was on statistically supported dimensions of safety and
not based on random variable selection.

Stage 2: Empirical Profiling of Risk States (Clustering). Second, the categorical safety
barrier variables were used directly as input for the clustering algorithms using the PCA.
The selected barrier variables were qualitative, so K-modes clustering was used to divide
the workers into different safety profiles, using strict category matching. Hierarchical
Clustering was implemented in parallel with the same PCA-selected variables in order
to make sure of the strength of the profiles and to detect graded similarities. The cluster
profiles confirmed the multidimensionality of the safety barriers empirically and identified
specific categorical states (e.g., ‘equipment provided’ but ‘not maintained’) of high-risk
worker groups.

Stage 3: Probabilistic Dependency Mapping (Bayesian Network). Finally, variables
that define the latent constructs (Stage 1) and the categorical states identified in the worker
profiles (Stage 2) were discretised to create the nodes and states in a Bayesian Network.
To avoid arbitrary variable selection, macro-level variables and outcomes that were most
important and most consistently identified by the PCA and empirical clustering procedures
were used to structure the Bayesian Network. The five core nodes for the Bayesian Net-
work (Workplace Hazards, Work Accident Occurred, Health Issues Experienced, Accident
Reporting Method, and Prevention Steps Taken) were specifically chosen because they
were the top-level outcome and predictor variables that came from the data discretization
in the previous PCA and clustering phases. The PCA therefore provided the theoretical
latent dimensions, the categorical risk states were then empirically clustered, and the
Bayesian Network provided a probabilistic representation of the conditional dependencies
and statistical associations among these specific, pre-validated categorical risk states, thus
advancing the study from descriptive profiling to probabilistic predictive risk assessment.

Figure 1 provides explicit variable-level traceability across the analytical pipeline.
The PCA identified six variables contributing to the latent occupational health and safety
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structure, with loadings ranging from 0.725 to 0.976. Variables representing formal safety
training, training effectiveness, safety equipment provision, equipment maintenance, and
perceived adequacy of safety measures were subsequently represented in the clustering
stage through their corresponding operational indicators, including Training Received,
Equipment Maintained, Equipment Sufficient, and Measures Adequate. Additional categor-
ical indicators, notably PPE Provided and Environment Safe, were retained in the clustering
analysis because they provided complementary information on worker-level safety con-
ditions that was not represented by the PCA components. The clustering stage therefore
translated the dimensional structure identified by PCA into empirically distinguishable
worker safety profiles. These profiles, particularly the contrast between resource-supported
but inadequately perceived safety conditions and unsafe environments with poorly main-
tained equipment, then provided empirical context for specifying the higher-level Bayesian
Network variables. The Bayesian Network was not mechanically constructed from PCA
components or cluster labels. Rather, the PCA and clustering stages informed the selection
and interpretation of the higher-level safety constructs subsequently discretized as Work-
place Hazards, Work Accident Occurred, Health Issues Experienced, Accident Reporting
Method, and Prevention Steps Taken. This establishes an explicit analytical trace from
dimensional reduction, through worker profiling, to probabilistic risk modelling.

Figure 1. Variable traceability across analytical stages.

2.3.1. Factor Analysis

Factor analysis was conducted to identify latent constructs underlying occupational
health and safety practices.

Kaiser–Meyer–Olkin (KMO) Test

The KMO statistic measures sampling adequacy and is defined as follows:

KMO =
∑ i ̸=jr2

ij

∑ i ̸=jr2
ij + ∑ i ̸=j p2

ij
(1)

where

rij = correlation coefficient between variables i and j;
pij = partial correlation coefficient between variables i and j.

https://doi.org/10.3390/mining6030076

https://doi.org/10.3390/mining6030076


Mining 2026, 6, 76 9 of 37

Bartlett’s Test of Sphericity

Bartlett’s test examines whether the correlation matrix is significantly different from
an identity matrix:

χ2 = −
(

n − 1 − 2p + 5
6

)
ln | R | (2)

where

n = sample size
p = number of variables
| R | = determinant of the correlation matrix.

Principal Component Model

The factor model is expressed as

Xj = ∑m
k=1λjkFk + ϵj (3)

where

Xj = observed variable j;
λjk = loading of variable j on factor k;
Fk = latent factor k;
ϵj = unique error term.

Eigenvalue Decomposition

Eigenvalues satisfy
| R − λI |= 0

where

λ = eigenvalue;
I = identity matrix.

Total variance explained is given by

Total Variance Explained = ∑m
k=1λk (4)

2.3.2. K-Modes Clustering

Given the categorical nature of the data, K-modes clustering was used to partition
observations.

The objective function minimizes dissimilarity:

D = ∑n
i=1∑k

j=1δ(xi, zj) (5)

where

xi = data point i;
zj = mode of cluster j;
δ
(

xi, zj
)

= dissimilarity function.

The dissimilarity measure is defined as

δ
(
xi, zj

)
= ∑

p
l=11(xil ̸= zjl) (6)

where

1(·) = indicator function, equals 1 if condition is true, 0 otherwise
p = number of variables.

Cluster modes are updated as the most frequent category within each cluster.
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2.3.3. Determination of Optimal Number of Clusters

The optimal number of clusters was determined using the Elbow method (Within-
Cluster Sum of Squares) and Silhouette analysis.

Within-Cluster Sum of Squares (WSS) Elbow Method:

WSS(k) = ∑k
c=1∑i∈Cc δ(xi, zc) (7)

Average Silhouette Width:

s(i) =
b(i)− a(i)

max{a, (i)b(i)} (8)

where a(i) is the average dissimilarity within the same cluster, and b(i) is the minimum
average dissimilarity to other clusters.

2.3.4. Hierarchical Clustering

Agglomerative hierarchical clustering was applied using a dissimilarity matrix.
Distance between clusters A and B is defined as

d(A, B) =
1

| A || B | ∑ i∈A ∑ j∈B d(xi, xj) (9)

where

| A |, | B | = number of observations in clusters;
d
(

xi, xj
)

= dissimilarity between observations.

2.3.5. Bayesian Network Model

A Bayesian Network is a Directed Acyclic Graph (DAG) representing probabilistic
dependencies among variables. The five core nodes for the Bayesian Network: Workplace
Hazards, Work Accident Occurred, Health Issues Experienced, Accident Reporting Method,
and Prevention Steps Taken, were deliberately selected as the most critical and high-level
outcome and predictor variables identified in the data discretization stage. Although it
is desirable to include a more highly dimensional network that would contain granular
demographic or specific hazard-type variables, for this sample size, the high-dimensionality
would lead to computational instability and the risk of overfitting the model, the simple
five-node structure was selected to be interpretable and to provide a clear summary of the
macro-level conditional dependency structure associated with accident probability. This
simplified network was validated internally through penalized node-average likelihood
scoring and arc strength analysis, establishing the robustness of the directed dependencies.

Joint Probability Distribution

The joint probability distribution is expressed as

P(X1, X2, . . . , Xn) = ∏n
i=1P(Xi | Pa(Xi)) (10)

where

Xi = node (variable);
Pa(Xi) = set of parent nodes of Xi

′.
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Conditional Probability Estimation

Conditional probabilities are estimated as

P(Xi = x | Pa(Xi)) =
N(Xi = x, Pa(Xi))

N(Pa(Xi))
(11)

where

N(·) = frequency count.
Structure Learning.

The network structure was learned using the Hill Climbing algorithm, which maxi-
mizes the penalized log-likelihood:

L = logP(D | G)− λ | E |

where

D = observed data;
G = network structure;
| E | = number of edges (arcs);
λ = regularization parameter.

2.3.6. Model Validation of the Bayesian Network

The Bayesian Network was evaluated using a series of internal validation procedures
designed to assess predictive discrimination, calibration, classification performance, sub-
group consistency, and structural stability. Because all observations originated from the
same cross-sectional survey of 298 respondents, these procedures constitute internal valida-
tion. They should not be interpreted as external validation. The Bayesian Network was
validated using the following comprehensive procedures.

Data Splitting and Held-Out Test Set Validation

The dataset (N = 298) was randomly split into a training set (70%, n = 209) and a
held-out internal test set (30%, n = 89), using stratified random sampling. Because both
subsets were derived from the same cross-sectional study sample, the test set represents
internal hold-out validation rather than external validation using an independent cohort.
Predictive performance was assessed using AUC-ROC, AUC-PR, Brier score, calibration
slope and intercept, Hosmer–Lemeshow goodness-of-fit testing, accuracy, sensitivity, speci-
ficity, precision, F1-score, and negative predictive value. Calibration plots and decision
curve analysis were also used to assess calibration and potential decision utility. Ten-fold
stratified cross-validation was conducted within the training data for model tuning, while
5000 bootstrap resamples were used to assess the stability of the estimated conditional
probabilities and network structure. These procedures were treated as complementary
measures of internal model stability rather than evidence of external generalizability. Ex-
ternal predictive validity was not assessed in this study because an independent dataset
from other mining operations or a temporally distinct validation cohort was not available.
Accordingly, the Bayesian Network should be regarded as an internally validated prob-
abilistic risk-assessment model, and independent external validation is required before
broad predictive deployment or generalization beyond the study population.
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Calibration Analysis

Calibration was assessed using calibration plots, Hosmer–Lemeshow Goodness-of-Fit
Test, Calibration Slope and Intercept, and Brier Skill Score (BSS).

Decision Curve Analysis

Decision curve analysis assessed the clinical/practical utility of the model by calculat-
ing net benefit across threshold probabilities.

Subgroup Validation

Subgroup validation was additionally conducted for safety officers, operational work-
ers, and workers classified according to high and low hazard exposure. Because these
subgroup analyses were conducted within the same study sample and some subgroup
sizes were relatively small, the subgroup results were considered exploratory assessments
of internal consistency rather than independent external validation.

Comparative Benchmarking

Baseline models (Logistic Regression, Naive Bayes, Random Forest) were trained and
evaluated on the same training-test split.

Overfitting Assessment

Overfitting was assessed by comparing training vs. test performance, penalized
likelihood scoring with regularization coefficient λ = 0.047, and bootstrap validation
(5000 iterations).

Ten-Fold Cross-Validation

Ten-fold stratified cross-validation was performed on the training set (n = 209) to
optimize model parameters.

2.4. Data Pre-Processing and Variable Coding

The data were pre-processed to maintain quality, consistency, and multivariate mod-
elling before statistical analysis.

2.4.1. Data Cleaning

The data set was filtered in terms of missing data, inconsistencies and outliers. List-
wise deletion was used because there were a relatively small proportion of incomplete
responses and the analytical methods used in this study, including factor analysis, the
use of clustering algorithms and the use of Bayesian Network modelling, require com-
plete observations for accurate estimation. This method allowed for consistency in all
analyses and only included cases that had complete data for the variables of interest. The
method however, is based on the assumption that missing data is completely random.
This assumption may not be completely met, and the exclusion of incomplete data can
lead to loss of statistical power, as well as possible biases in parameter estimates. The
amounts of missing data observed were small, so their overall impact on the results was
assumed to be negligible. To ensure complete transparency regarding sample size, it is
noted that the first survey had 316 responses, and the data were of a consistent type. The
responses that contained missing or inconsistent data across the key analytical variables
were, however, excluded by listwise deletion due to the nature of the complete-case re-
quirements of the factor analysis, clustering algorithms and Bayesian Network modelling.
There were 18 incomplete cases but these were excluded from the data cleaning and a final
valid analytical sample of N = 298 remained for analysis. All further statistical results,
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whether clustering distributions or Bayesian Network probabilities, were drawn from this
last sample of 298 respondents.

2.4.2. Handling of Categorical and Ordinal Data

Given that the study primarily involved categorical and ordinal variables, all responses
were standardised into structured formats suitable for analysis. Ordinal variables, such as
perceptions of safety adequacy, were preserved in their ranked form where applicable.

2.4.3. Variable Coding

All variables were transformed into numerical representations to facilitate statisti-
cal modelling:

Binary variables were coded as

Yes = 1, No = 0

Ordinal variables were coded in ascending order to reflect intensity or level.
Nominal categorical variables were encoded using integer labels for clustering analysis.
This coding scheme ensured compatibility with K-modes clustering and Bayesian

Network modelling.

2.4.4. Data Transformation for Clustering

To perform clustering analysis, the categorical variables were preserved in their natural
qualitative form, which is the requirement of the K-modes algorithm, which measures
dissimilarity by simultaneously matching categories and not by Euclidean distance.

2.4.5. Discretization for Bayesian Network Modelling

To enable probabilistic modelling, selected variables were discretized into mean-
ingful states:

1. Workplace hazards: Low, High;
2. Accident occurrence: Yes, No;
3. Health issues: Present, Absent;
4. Preventive actions: Taken; Not taken.

This discretization facilitated the estimation of conditional probability tables and
improved the interpretability of the Bayesian Network.

The conceptual and methodological approach for analysing the occupational health
and safety risks in the Ghanaian mining sector is presented in Figure 2. It is based on
the safety hazard, worker training and environmental exposure literature. A quantitative
approach is taken in the study to fill the gaps in the probabilistic accident risk modelling for
equipment and environmental factors. The analysis uses a combination of K-modes cluster-
ing and Hierarchical clustering to define worker clusters with unique risk patterns, and
Bayesian Network modelling to assess the probabilistic relationships and conditional de-
pendencies among these variables. The multi-method approach yields holistic information,
supporting enhanced safety measures and risk reduction in the mining sector.
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Figure 2. Conceptual and methodological framework for analysing occupational health and safety
risks in Ghanaian mining.

3. Results
3.1. Overview of Results and Research Question Mapping

This section presents the results of the study organized according to the four research
questions that guided the investigation. The results are presented in the following sequence:
(1) demographic characteristics of respondents and instrument validation (RQ1, RQ2);
(2) factor analysis results identifying latent OHS dimensions (RQ1); (3) clustering results
identifying worker safety profiles (RQ2); (4) Bayesian Network results showing probabilistic
dependencies and conditional relationships (RQ3); and (5) validation results assessing
model performance and stability (RQ3, RQ4). The Discussion section then interprets these
findings and addresses the broader implications for OHS management in Ghana’s mining
sector (RQ4).

Table 1 presents the comparison between the target and achieved sample proportions
across different worker categories, revealing substantial deviations from the intended sam-
pling distribution. The achieved sample was dominated by safety officers, who accounted
for 63.8% (n = 190) of respondents compared with the targeted 25% (n = 75), representing
a positive deviation of 38.8 percentage points. In contrast, underground miners were
underrepresented, with only 10.7% (n = 32) achieved compared with the targeted 30%
(n = 89), resulting in a deviation of −19.3 percentage points. Surface workers and supervi-
sors/managers also recorded lower-than-target representation, with deviations of −10.2
and −9.3 percentage points, respectively. These differences indicate a potential sampling
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imbalance, largely influenced by accessibility challenges, operational restrictions, and the
limited availability of some occupational groups.

Table 1. Target and achieved sample proportions by worker category.

Worker
Category

Target
Proportion Target n Achieved n Achieved % Deviation Reason for Deviation

Underground
Miner 30% 89 32 10.7% −19.3%

Limited access to
underground sites;
safety restrictions

Surface
Worker 35% 104 74 24.8% −10.2%

Operational
constraints; workers

unavailable

Safety Officer 25% 75 190 63.8% +38.8% Higher response rate;
more accessible

Supervisor/
Manager 10% 30 2 0.7% −9.3% Limited availability;

occupied with duties

Total 100% 298 298 100.00% 0.00%

Table 2 presents the reliability and content validity assessment of the survey instru-
ment, demonstrating that the questionnaire achieved acceptable to excellent psychometric
properties. The overall instrument recorded a Cronbach’s alpha coefficient of 0.82, indicat-
ing good internal consistency among the 28 items and confirming that the items reliably
measured the underlying occupational health and safety constructs. At the section level,
Cronbach’s alpha values ranged from 0.73 to 0.85, with the Safety Equipment section
showing the highest reliability (α = 0.85), followed by Accidents, Health, and Prevention
(α = 0.83), Training and Awareness (α = 0.74), and Environmental Safety and Hazards
(α = 0.73). These values exceed the commonly accepted threshold of 0.70, suggesting
adequate consistency across all domains. The content validity analysis further confirmed
the adequacy of the instrument, with item-level content validity indices (I-CVI) ranging
from 0.83 to 1.00 across all sections, indicating strong agreement among experts regarding
item relevance. The scale-level content validity index averages (S-CVI/Ave) ranged from
0.92 to 0.96, with an overall S-CVI/Ave of 0.94, demonstrating excellent content validity.

Table 2. Reliability and content validity of the survey instrument.

Questionnaire Section Number of Items Cronbach’s Alpha I-CVI Range S-CVI/Ave

Section A: Demographics 6
Section B: Training and Awareness 5 0.74 0.83–1.00 0.92
Section C: Safety Equipment 6 0.85 0.83–1.00 0.95
Section D: Environmental Safety
and Hazards 5 0.73 0.83–1.00 0.93

Section E: Accidents, Health,
and Prevention 6 0.83 0.83–1.00 0.96

Overall Instrument 28 0.82 0.83–1.00 0.94

As presented in Table 3, the demographic characteristics of the respondents show that
the majority were males (73.1%, n = 218), while females constituted 26.9% (n = 80) of the
participants. Regarding age distribution, half of the respondents were within the 36 to
45 years age category (50.3%, n = 150), followed by those aged 26 to 35 years (20.1%, n = 60)
and 18 to 25 years (13.4%, n = 40). Respondents aged 46 to 55 years represented 10.4%
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(n = 31), while the smallest proportion was recorded among those aged 56 years and above
(5.7%, n = 17).

Table 3. Demographic characteristics of respondents of a mining community in Ghana.

Variable Category N Percent (%)

Gender Male 218 73.1
Female 80 26.9

Total 298 100
Age 18 to 25 years 40 13.4

26 to 35 years 60 20.1
36 to 45 years 150 50.3
46 to 55 years 31 10.4

56 years and above 17 5.7
Total 298 100

Educational Level No formal education 33 11.1
Basic education 52 17.4

Secondary education 31 10.4
Tertiary education 129 43.3

Other 53 17.8
Total 298 100

Role in the Mining
Sector Miner (Underground) 32 10.7

Surface worker 74 24.8
Safety officer 190 63.8

Manager or supervisor 2 0.7
Total 298 100

Work Experience Less than 1 year 33 11.1
1 to 3 years 52 17.4
4–6 years 31 10.4

More than 6 years 182 61.1
Total 298 100

With respect to educational attainment, the largest proportion of respondents had
tertiary education (43.3%, n = 129), followed by those with other forms of education
(17.8%, n = 53) and basic education (17.4%, n = 52). Respondents with no formal education
constituted 11.1% (n = 33), while those with secondary education represented the smallest
educational category (10.4%, n = 31). Regarding occupational roles within the mining
sector, safety officers formed the majority of respondents (63.8%, n = 190), followed by
surface workers (24.8%, n = 74) and underground miners (10.7%, n = 32). Managers or
supervisors constituted only 0.7% (n = 2) of the respondents. In terms of work experience,
the majority of participants had more than six years of experience in the mining industry
(61.1%, n = 182), followed by those with 1 to 3 years of experience (17.4%, n = 52), less than
one year of experience (11.1%, n = 33), and 4 to 6 years of experience (10.4%, n = 31).

3.2. Factor Analysis Results

This section addresses the first research question regarding the latent dimensions
underlying OHS management practices in Ghana’s mining sector. The results of the factor
analysis reveal three primary OHS dimensions: Safety Resources, Training Exposure, and
Perceived Adequacy.

The Kaiser–Meyer–Olkin (KMO) of 0.580 shows that the sampling adequacy is moder-
ate, meaning that the correlation between the variables is adequate but at the same time
marginally appropriate with respect to factor analysis (Table 4). The KMO is above the
acceptable level of 0.50, which means that there is shared variance; however, the data
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might not be producing highly defined factor structures. The Bartlett Test of Sphericity is
extremely significant (χ2 = 126.781, df = 15, p < 0.001), which means that the correlation
matrix is not an identity matrix and that correlation between variables by the values is
statistically different.

Table 4. KMO and Bartlett’s Test.

Kaiser–Meyer–Olkin Measure of Sampling Adequacy. 0.580

Bartlett’s Test of Sphericity
Approx. Chi-Square 126.781

Df 15
Sig. 0.000

The total variance explained in Table 5 indicates that there are three components
which meet the Kaiser criterion, each of which has an eigenvalue exceeding 1, and they
collectively contribute 66.763% of the total variance. The 27.490%, 22.501%, and 16.772%
of Occupational Health and Safety Management practices explain Component 1, 2, and 3,
respectively; hence, showing that Occupational Health and Safety Management practices
involve a multidimensional latent structure. The sums of squared loadings extracted show
that these components still have large amounts of variance that have been extracted. The
cumulative variance explained also rises above the traditional 60% criterion, which is a
measure that confirms that the factor solution has captured a large enough percentage of
the shared variance that is present amongst the observed variables.

Table 5. Total variance explained and pattern matrix for occupational health and safety manage-
ment practices.

Component Initial Eigenvalues Extraction Sums of Squared Loadings
Component Total % of Variance Cumulative % Total % of Variance Cumulative %

1. 1.649 27.490 27.490 1.627 32.368 27.116

2. 1.350 22.501 49.991 1.356 11.636 22.606

3. 1.006 16.772 66.763 1.023 7.441 17.042

Component

1 2 3

Awareness of the health and safety guidelines
set by the mining company/industry ordination 0.805

Receipt of any formal health and safety training 0.770

Current health and safety measures are
adequate for your protection 0.976

Provision of sufficient safety equipment to do
job safely 0.725

Safety equipment such as helmets, boots, masks,
etc., are adequately maintained 0.746

Effectiveness of the current safety
training programs 0.736

The pattern matrix shows clear and statistically significant factor loadings. The strong
loadings on provision of sufficient safety equipment (loading = 0.725), adequate mainte-
nance of safety equipment (loading = 0.746), and effectiveness of current safety training
programmes (loading = 0.736) define component 1, and therefore there is a factor that is
concerned with safety resources and compliance support. Health and safety guidelines
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awareness loads Component 2 with a high loading of 0.805. Formal health and safety
training strongly loads Component 2 with a loading of 0.770, which is a clear factor that
indicates exposure to training. The opinion of perceived sufficiency of the existing safety
measures places a heavy burden on Component 3, with a loading of 0.976, meaning that
this is another component of perceived adequacy of the current safety measures.

3.3. Clustering Results

This section addresses the second research question regarding distinct worker safety
profiles based on safety barrier conditions. The results identify three distinct worker
profiles: Safe/Supported, Resource-Rich but Inadequate, and High-Risk/Unsafe.

The clustering results in Table 6 are not categories in isolation but rather emergent
system states that are a result of the dynamic interaction between organisational, environ-
mental, and individual safety factors in the mining workforce. For instance, the profile
discovered in Cluster 2—the resources are there (e.g., training, PPE, and equipment main-
tenance), but the safety measures are felt to be inadequate—does not stem from a single
isolated incident, but rather from an overall conflict between formal resource allocation and
on-ground realities. Likewise, Cluster 3 represents the “dangerous” emergent condition in
which unsafe environments and equipment that are not maintained significantly increase
risk, showing that unsafe events do not occur in isolation, but are instead systemic failures
in safety. This perspective highlights that worker safety profiles are fluid outcomes of
interacting variables, rather than fixed, mutually exclusive groups that define a particular
arrangement of safety-barrier conditions among the mining workforce. Cluster 1 with the
highest desirable safety milieu provides consistent reports of the co-occurrence of all six
conditions of safety. Such a cohort probably represents those employees who are employed
in better resource-endowed or closely monitored areas of operation. Although Cluster
2 remains adequate in most conditions of safety, it differs with Cluster 1 as it indicates
inadequate safety measures. This observation indicates a perceived deficiency in the qual-
ity of safety or safety provision implementation despite the presence of resources in the
form of PPE, training and properly serviced equipment. This statistically is an important
finding because it indicates that the presence of safety inputs may not necessarily result
in perceived adequacy or operational sufficiency. Cluster 3 represents the most restrictive
safety setting and respondents reported a lack of safety precautions, unsafe conditions, and
un-maintained equipment. The situation with enough PPE and equipment is positive, but
the fact that unsafe conditions and a lack of maintenance coexist is an indicator of high
vulnerability. This cluster is statistically a high-risk group whereby failure in structural or
operational conditions can compromise safety practices.

Table 6. Cluster modes for barrier variables identified using K-Modes analysis.

Cluster Training
Received

Measures
Adequate

Environment
Safe PPE Provided Equipment

Sufficient
Equipment
Maintained

1 Yes Yes Yes Yes Yes Yes
2 Yes No Yes Yes Yes Yes
3 Yes No No Yes Yes No

The two methods of clustering provided different distributions of the workers in the
three clusters, indicating that barrier grouping is sensitive to the underlying algorithm,
as shown in Table 7. The K-modes method has Cluster 1, which has 208 workers as the
most common pattern of barrier in the dataset. Clusters 2 and 3 have less workers in them,
meaning that different barrier profiles are less common. The fact that the observations are
concentrated in Cluster 1 suggests a rather homogenous group of conditions for the largest
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number of workers. The hierarchical clustering, on the other hand, produces a more even
distribution. Cluster 2 is the largest, as it has 165 workers and Clusters 1 and 3 have 59
and 74 workers, respectively. The result of this shows that in defining similarity in terms
of hierarchical distance instead of matching categorical modes the algorithm finds a new
structure in the barrier patterns. The difference in the number of clusters under the two
approaches suggests that the phenomenon of barriers among the workers is not necessarily
categorical but can be graded on scales that are more sensitive to hierarchical processes.
This statistically shows that cluster stability is context dependent, which is sensitive to
the approach taken, and it indicates that the safety barriers can have more complicated
patterns than those reflected by mode-based clustering.

Table 7. Cluster membership distribution for K-Modes and hierarchical clustering.

Cluster K-Modes Frequency Hierarchical Clustering Frequency

1. 208 59
2. 26 165
3. 64 74

Table 8 presents the cluster validity indices used to determine the optimal number
of clusters for the data. For the K-modes algorithm, the within-cluster sum of squares
(WSS) decreased steadily from 278.4 at k = 2 to 112.3 at k = 10, indicating that increasing
the number of clusters improved within-cluster homogeneity. However, this reduction
exhibited diminishing returns after three clusters, suggesting that additional clusters pro-
vided only marginal improvements in compactness. The average silhouette coefficient for
K-modes reached its highest value of 0.52 at k = 3, compared with 0.41 at k = 2, before
declining consistently to 0.33 at k = 10. Since higher silhouette values indicate better cluster
cohesion and separation, the peak values of three clusters provide strong evidence that the
data are most naturally partitioned into three distinct groups.

Table 8. Optimal cluster number selection criteria.

Number of
Clusters (k) K-Modes WSS K-Modes Avg.

Silhouette
Hierarchical Avg.

Silhouette
Cophenetic

Correlation (Ward’s)

2 278.4 0.41 0.38 0.79
3 198.7 0.52 0.48 0.81
4 170.1 0.44 0.40 0.82
5 151.9 0.42 0.38 0.83
6 138.6 0.39 0.35 0.84
7 129.8 0.37 0.33 0.84
8 122.5 0.35 0.31 0.85
9 116.7 0.34 0.29 0.85
10 112.3 0.33 0.28 0.86

The hierarchical clustering results similarly support a three-cluster solution. The
average silhouette coefficient for Ward’s hierarchical clustering attained its maximum value
of 0.48 at k = 3, after which it progressively declined, indicating reduced cluster quality
as more clusters were formed. Although the cophenetic correlation coefficient increased
gradually from 0.79 at k = 2 to 0.86 at k = 10, reflecting improved preservation of pairwise
dissimilarities in the dendrogram, this measure assesses the fidelity of the hierarchical
structure rather than the optimal number of clusters. Consequently, considering the highest
silhouette coefficients obtained from both K-modes (0.52) and hierarchical clustering (0.48),
together with the diminishing reduction in WSS beyond three clusters, the three-cluster
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solution was selected as the optimal partition because it achieved the best balance between
cluster compactness, separation, and interpretability.

Justification for Dual Clustering Approach and Integration with Bayesian Network

The integration of both methods follows a specific logical sequence:

1. K-modes is applied first as the primary clustering method because it is theoretically
most appropriate for the categorical data structure. It produces the primary cluster
assignments (Table 4) and cluster modes that are directly interpretable as “worker
safety profiles”.

2. Hierarchical clustering is applied second as a validation and sensitivity analysis. The
comparison of cluster membership distributions between the two methods (Table 5)
serves as a diagnostic tool to assess whether the K-modes clusters represent a stable
structure or are sensitive to the algorithm. If the cluster assignments differ sub-
stantially, this would indicate that the data structure is more complex than simple
categorical matching suggests, and that the K-modes solution should be interpreted
with caution.

3. Agreement between methods strengthens confidence in the three-cluster solution.
While the exact membership distributions differ (K-modes: Cluster 1 = 208, Cluster
2 = 26, Cluster 3 = 64; Hierarchical: Cluster 1 = 59, Cluster 2 = 165, Cluster 3 = 74),
both methods identify the same underlying structure—three distinct worker profiles
characterized by different combinations of safety barrier conditions. The difference in
distribution is expected given the different algorithmic assumptions, but the qualita-
tive interpretation of the profiles remains consistent.

4. The cluster profiles are then integrated into the Bayesian Network (Stages 2 and 3 of
the sequential framework). The cluster validation (via dual methods) and the cluster
profiles (Table 4) directly inform the selection of Bayesian Network nodes (hazards,
health issues, accidents, reporting, prevention) and the discretization thresholds for
the probabilistic model.

Among the demographic variables examined in Table 9, only role (occupational cat-
egory) showed a statistically significant association with accident occurrence (χ2 = 5.82,
p = 0.016), with underground miners having the highest accident rate (40.6%). Age, gender,
education, and work experience did not show statistically significant associations with
accident occurrence.

The results in Table 10 indicate that OHS management variables provide substan-
tially greater predictive value for the outcome than demographic characteristics. Model
1, which included only age, gender, education, experience, and role, demonstrated weak
discrimination (AUC = 0.61) and explained only 8% of the variance (Nagelkerke R2 = 0.08),
with a relatively high AIC of 387.2, indicating limited model fit; furthermore, role was
the only statistically significant demographic predictor. In contrast, Model 2, comprising
workplace hazards, health issues, reporting, and prevention, showed a marked improve-
ment in predictive performance, with an AUC of 0.79 and Nagelkerke R2 of 0.31, indicating
strong discrimination and that approximately 31% of the variation in the outcome was
explained by the model, while its substantially lower AIC of 341.8 indicates better model fit.
Model 3, which combined demographic and OHS management variables, produced only a
marginal increase in AUC from 0.79 to 0.80 and Nagelkerke R2 from 0.31 to 0.32, while its
AIC increased slightly to 343.6, suggesting that the inclusion of demographic variables did
not materially improve model performance.
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Table 9. Accident occurrence by demographic subgroups.

Demographic
Variable Category N Accident

Occurred (%) Chi-Square p-Value

Gender Male 218 34.2% 2.14 0.143
Female 80 27.5%

Age 18–25 years 40 30.0% 4.27 0.234
26–35 years 60 28.3%
36–45 years 150 36.7%
46+ years 48 31.3%

Education No formal/Basic 85 32.9% 1.82 0.402
Secondary/Tertiary 160 33.1%

Other 53 28.3%
Work Experience <3 years 85 30.6% 3.15 0.076

3–6 years 31 35.5%
>6 years 182 33.5%

Role Underground Miner 32 40.6% 5.82 0.016
Surface Worker 74 29.7%
Safety Officer 190 32.1%

Supervisor/Manager 2 0.0%

Table 10. Logistic regression models comparing demographic and OHS management predictors.

Model Predictors AUC-ROC Nagelkerke R2 AIC Interpretation

Model 1

Demographics only
(age, gender,

education,
experience, role)

0.61 0.08 387.2
Weak predictive

power; role is the only
significant predictor

Model 2

OHS Management
only (Workplace
Hazards, Health

Issues, Reporting,
Prevention)

0.79 0.31 341.8
Strong predictive

power; all
variables significant

Model 3 Demographics +
OHS Management 0.80 0.32 343.6

Minimal improvement
over Model 2;

demographic variables
not significant

3.4. Bayesian Network Results

This section addresses the third research question regarding how workplace hazards,
health issues, accident reporting methods, and preventive actions conditionally relate to
accident probability. The Bayesian Network results reveal the probabilistic dependencies
among these variables and their conditional relationships with accident occurrence.

Table 11 shows the model summary of a statistically strong and fully optimised
Bayesian network structure. The network also contains five nodes and ten directed arcs
with no undirected links and is a fully connected directed graph, thus the average Markov
blanket and neighbourhood size is 4.00, which implies that each node is conditionally
dependent on all others. The Hill Climbing algorithm was used on sixty conditionally
independent tests and it reached an optimised structure with an average branching factor
of 2.00, indicating moderate complexity. A strict regularisation of the model at learning
was done to prevent over-fitting using the Penalised Node-Average Likelihood scoring
function, with a coefficient of 0.047, to ensure that the learnt arc relationships are robust
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and reliable in the form of probabilistic dependencies that can be used to make inference
about the dynamics of workplace safety.

Table 11. Bayesian Network learning summary.

Description Value

Number of nodes 5
Number of arcs 10
Undirected arcs 0

Directed arcs 10
Average Markov blanket size 4.00
Average neighbourhood size 4.00

Average branching factor 2.00
Learning algorithm Hill Climbing

Scoring method Penalized Node Average Likelihood (disc.)
Penalization coefficient 0.04743602
Tests used in learning 60

Optimized TRUE

The performance of the predictive model on the test set is shown in Table 12, and is
found to have good discriminatory ability and reasonable calibration in the test set. The
model showed an AUC-ROC of 0.83 (95% CI: 0.77 to 0.89), which is better than the widely
accepted threshold of 0.80 as it means that the model discriminates well between workers
who suffer occupational accidents and those who do not. Likewise, the AUC-PR of 0.76
(95% CI: 0.69 to 0.83) indicates a good trade-off between precision and recall, underscoring
the model’s ability to detect positive cases even in the presence of class imbalance. Finally, a
comparison of calibration statistics shows that the probabilities predicted were very similar
to the actual probabilities. The Brier Score (0.17; 95% CI: 0.14 to 0.20) was well below the
acceptable value of 0.25 and the Brier Skill Score (0.29) showed a significant improvement
over a baseline prediction model. Moreover, the calibration slope of 0.95 (95% CI: 0.82 to
1.08) was close to the ideal value of 1.00, and the calibration intercept of −0.06 (95% CI:
−0.32 to 0.20) was close to zero, indicating minimal overestimation or underestimation
of risk. The model was further validated with the non-significant Hosmer–Lemeshow
goodness-of-fit test (χ2 = 7.84, p = 0.45), where no statistical difference was found between
the expected and observed probabilities of accident. The other classification performance
metrics also support the practical application of the model for predicting occupational
accidents. The overall accuracy of the model was 79% (95% CI 0.73 to 0.85), meaning that
almost four-fifths of the cases were correctly classified. The sensitivity of 0.76 (95% CI: 0.68
to 0.84) means that the model was successful in identifying 76% of those that suffered an
occupational accident, while the specificity of 0.82 (95% CI: 0.75 to 0.89) showed that 82%
of those that did not suffer an occupational accident were correctly identified. In addition,
the precision of 0.73 (95% CI: 0.65 to 0.81) suggests that about three-quarters of the workers
for whom an accident was predicted actually had an accident, reducing the number of
false-positive predictions. An F1 score of 0.74 (95% CI: 0.67 to 0.81) reflects good balance of
precision and sensitivity, indicating excellent predictive ability on both the positive and
negative side. Finally, the negative predictive value (NPV) of 0.84 (95% CI: 0.77 to 0.91)
suggests that the model is reliable at determining low-risk workers.

The predictive performance of the Bayesian Network on the training and held-out
internal test sets was compared in Table 13 to assess potential overfitting and internal
predictive stability. The results show relatively small differences between the training
and test sets. Specifically, the AUC-ROC value for the held-out test set decreased by 0.03
compared with the training set, from 0.86 to 0.83, while the Brier Score increased from 0.15
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to 0.17. These results indicate limited performance degradation under internal hold-out val-
idation. Because the training and test observations originated from the same cross-sectional
study sample, this comparison provides evidence of internal predictive stability but does
not establish external predictive validity or generalizability to independent populations.
Likewise, the Brier Score rose from 0.15 to 0.17, which is a difference of 0.02, supporting
good calibration and predictive performance on observations withheld from model fitting
within the present study sample.

Table 12. Test set performance metrics.

Category Metric Estimate 95% CI
Lower

95% CI
Upper Threshold Interpretation

Discrimination AUC-ROC 0.83 0.77 0.89 >0.80 Good discrimination

AUC-PR 0.76 0.69 0.83 - Strong precision–recall
trade-off

Calibration Brier Score 0.17 0.14 0.20 <0.25 Good calibration

Brier Skill Score 0.29 - - >0.20
Substantial

improvement over
baseline

Calibration
Slope 0.95 0.82 1.08 1.00 Well-calibrated

Calibration
Intercept −0.06 −0.32 0.20 0.00 No systematic bias

Hosmer–
Lemeshow χ2 7.84 - - - p = 0.45

Classification Accuracy 0.79 0.73 0.85 - 79% correct predictions

Sensitivity 0.76 0.68 0.84 - 76% of accidents
correctly identified

Specificity 0.82 0.75 0.89 - 82% of non-accidents
correctly identified

Precision 0.73 0.65 0.81 - 73% of positive
predictions correct

F1-Score 0.74 0.67 0.81 - Balanced performance

NPV 0.84 0.77 0.91 - 84% of negative
predictions correct

Table 13. Comparison of training vs. test performance (overfitting assessment).

Metric Training (n = 209) Test (n = 89) Difference Overfitting Indicator

AUC-ROC 0.86 0.83 −0.03 Minimal (acceptable)
Brier Score 0.15 0.17 +0.02 Minimal (acceptable)
Accuracy 0.82 0.79 −0.03 Minimal (acceptable)

The model performs consistently across all subgroups, with AUC-ROC ranging from
0.80 to 0.85 and accuracy from 0.76 to 0.82 (Table 14). The slightly lower performance in
the high-hazard exposure subgroup (AUC = 0.80) is expected, as this group has higher
baseline risk and less variation in outcomes. The consistency of performance across safety
officers and operational workers suggests that the model’s probabilistic associations are
not solely driven by the overrepresentation of safety officers in the sample. This provides
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evidence that the model captures genuine patterns in the data rather than artifacts of the
sampling distribution.

Table 15 shows a comparison of the performance of the Bayesian Network (BN) model
with the traditional baseline models such as Logistic Regression, Naive Bayes, and Ran-
dom Forest. Within the held-out internal test set, the Bayesian Network demonstrated the
strongest overall predictive performance among the evaluated models, with an AUC-ROC
of 0.83, the lowest Brier Score of 0.17, the highest accuracy of 79%, and the highest F1-score
of 0.74, reflecting the best discrimination, calibration and classification balance. The BN
model achieved better discrimination, which was statistically significantly compared to Lo-
gistic Regression (0.07 higher AUC-ROC, p = 0.02), and better calibration and classification
performance. The BN model also demonstrated greater advantages than Naive Bayes with
a 0.10 higher AUC-ROC (p < 0.01) as well as smaller prediction error, higher accuracy and
higher F1-score. The BN model outperformed the RF model, but the improvement in the
AUC-ROC was not statistically significant (p = 0.08) and the discrimination obtained was
comparable. These comparative results indicate superior internal predictive performance
under the present validation framework and should not be interpreted as evidence of
superior performance in independent populations.

Table 14. Subgroup validation performance.

Subgroup n (Test) AUC-ROC Accuracy Sensitivity Specificity Calibration
(Brier)

Safety Officers 58 0.82 0.78 0.74 0.82 0.17
Operational Workers 31 0.84 0.81 0.79 0.83 0.16
High Hazard Exposure 42 0.80 0.76 0.72 0.80 0.19
Low Hazard Exposure 47 0.85 0.82 0.80 0.84 0.15

Table 15. Comparative benchmarking: Bayesian Network vs. baseline models.

Model AUC-ROC Brier Score Accuracy F1-Score Difference from
BN (AUC)

Bayesian Network 0.83 0.17 0.79 0.74 Reference
Logistic Regression 0.76 0.21 0.74 0.69 −0.07 (p = 0.02)

Naive Bayes 0.73 0.23 0.71 0.65 −0.10 (p < 0.01)
Random Forest 0.79 0.19 0.76 0.71 −0.04 (p = 0.08)

As can be seen in Table 16, the results of the 5000 bootstrap validation runs provide
evidence of the stability and reliability of the conditional relationships estimated by the
model. The means from the bootstrap were close to the original model estimates in each
conditional event, suggesting that there is little bias and that the probabilities of the
Bayesian network are consistent in each conditional event. For instance, the estimated
probability of an accident under high hazard conditions was 0.453, the bootstrap mean
was 0.448, and there was a narrow 95% confidence interval of 0.431 to 0.465, indicating
a stable and reliable estimate. By comparison, the probability of an accident under low
hazard conditions was significantly lower (model estimate 0.216; bootstrap mean 0.219;
95% CI 0.208 to 0.230), further supporting the strong impact of hazard level on the risk
of an accident. The probability of health problems in the workers who were exposed to
high hazards also remained constant, with a value of 0.242 and a bootstrap mean of 0.245
(95% CI: 0.233 to 0.257). The conditional likelihood of the safety review action, given
formal reporting, was highest (model estimate = 0.687; bootstrap mean = 0.691; 95% CI:
0.674 to 0.708), indicating that there was good consistency between formal reporting and

https://doi.org/10.3390/mining6030076

https://doi.org/10.3390/mining6030076


Mining 2026, 6, 76 25 of 37

subsequent safety review actions. The width of the narrow bootstrap intervals was 0.022
to 0.034 for each conditional probability for all conditional probabilities, which indicates
low estimation uncertainty and suggests that the conditional probabilities of the Bayesian
Network are not very sensitive to sampling variation.

Table 16. Bootstrap validation of conditional probabilities (5000 iterations).

Conditional Event Model
Estimate

Bootstrap
Mean

95% CI
Lower

95% CI
Upper

Bootstrap CI
Width

P (Accident|High Hazards) 0.453 0.448 0.431 0.465 0.034
P (Accident|Low Hazards) 0.216 0.219 0.208 0.230 0.022

P (Health Issues|High Hazards) 0.242 0.245 0.233 0.257 0.024
P (Safety Review|Formal Reporting) 0.687 0.691 0.674 0.708 0.034

The comprehensive internal validation results in Table 17 demonstrate good predictive
performance of the Bayesian Network within the present study sample. The model achieved
good discrimination (AUC-ROC = 0.83), well-calibrated probabilities (Brier Score = 0.17),
and consistent performance across the internal validation procedures. The model also
demonstrated stronger internal predictive performance than the Logistic Regression and
Naive Bayes benchmark models and comparable performance to Random Forest under the
same validation framework. These findings indicate that the Bayesian Network provides
useful predictive discrimination for identifying accident risk within the present study
sample. However, because all observations originated from the same cross-sectional survey,
these results constitute internal validation and do not establish external predictive validity
or generalizability to independent populations.

Table 17. Summary of model validation results.

Validation Procedure Key Metric Result Interpretation

Held-Out Internal Test Set AUC-ROC 0.83 Good discrimination
Accuracy 0.79 79% correct predictions
Sensitivity 0.76 76% of accidents correctly identified
Specificity 0.82 82% of non-accidents correctly identified
F1-Score 0.74 Balanced performance

Calibration Brier Score 0.17 Well-calibrated probabilities
Brier Skill Score 0.29 29% improvement over baseline

Calibration Slope 0.95 Near-ideal calibration
Hosmer–Lemeshow p = 0.45 No significant miscalibration

Overfitting Train vs. Test ∆ AUC −0.03 Minimal overfitting
Benchmarking BN vs. Logistic Regression +0.07 AUC Statistically significant improvement

BN vs. Naive Bayes +0.10 AUC Statistically significant improvement
BN vs. Random Forest +0.04 AUC Comparable performance

Bootstrap CI Width <0.04 Stable parameter estimates
Cross-Validation AUC-ROC 0.85 Stable internal performance

The conditional probabilities shown in Table 18 demonstrate a statistically significant
relationship between Workplace Hazards and Work Accident Occurrence. The data shows
that the probability of an accident, P (Accident Occurred|High Hazards) = 0.453, is more
than double the probability of P (Accident Occurred|Low Hazards) = 0.216. This represents
a relative risk of approximately 2.1, indicating that working under high-hazard conditions
substantially increases the likelihood of an accident occurring. Conversely, the probability
of no accident, P (No Accident|High Hazards) = 0.547, is markedly lower than P (No
Accident|Low Hazards) = 0.784. This strong, direct association quantitatively confirms
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that the level of workplace hazards is a critical predictor for accident risk, underscoring the
paramount importance of hazard control as a primary mitigation strategy.

Table 18. Conditional probability of work accident occurrence given workplace hazard level.

Work Accident Occurred Low Hazards High Hazards

No Accident 0.7844037 0.5473684
Accident Occurred 0.2155963 0.4526316

Two of the main conditional probabilities that outline different risk pathways in
the safety model are summarised in Table 19. The conditional probability P (Health
Issues\mid High Workplace Hazards) = 0.242 refers to a moderate baseline risk; high-
hazard environment conditions predict that 24.2 percent of people have health issues. More
significantly, the value of P (Safety Review Taken, Formal Accident Reporting) = 0.687
suggests that the procedure involved is largely dependent, such that formal reporting is an
influential indicator of a safety review being initiated, with 68.7% probability that this type
of mitigating measure will be adopted. This shows that even though workplace hazards
have a direct impact on health outcomes, the system of accident reporting is an extremely
important and powerful node that can initiate systematic risk-reduction reactions.

Table 19. Conditional probabilities for mitigation pathways and health risk.

Conditional Event Point Estimate 95% CI Lower
Bound

95% CI Upper
Bound

Health issues given high workplace hazards 0.242 0.193 0.291
Safety review taken given formal accident reporting 0.687 0.634 0.740

3.5. Bayesian Network Validation Results (Addressing RQ3 and RQ4)

This section presents the validation results for the Bayesian Network, providing evi-
dence of model stability and predictive capability (RQ3) and supporting the interpretation
of the safety system as reactive (RQ4). Figure 3 is the validated Bayesian Network showing
key probabilistic dependencies in workplace safety.

Table 20 presents the bootstrap validation results for the stability of Bayesian Network
arc strengths based on 5000 iterations, demonstrating that the identified relationships
among variables are highly reliable and robust. All network arcs showed very high model
strength values ranging from 0.96 to 1.00, with bootstrap mean estimates closely matching
the original model strengths, indicating minimal sampling variability and the strong
consistency of the learned dependencies. The arc between Health Issues Experienced
and Accident Reporting Method showed the highest stability, with a model strength
of 1.00, bootstrap mean of 0.994, 100% arc presence, and 99.6% direction consistency,
suggesting an almost certain and consistently reproduced relationship across bootstrap
samples. Similarly, the relationship between Health Issues Experienced and Prevention
Steps Taken demonstrated perfect arc presence (100%) and very high direction consistency
(99.5%), confirming its robustness. Other relationships, including Workplace Hazards and
Accident Reporting Method and Health Issues Experienced and Workplace Hazards, also
exhibited strong stability, with arc presence exceeding 99% and direction consistency above
99%. The narrow 95% confidence intervals for all arc strengths, ranging from 0.931 to 1.000,
further indicate low uncertainty in the estimated network structures.
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Figure 3. Internally validated Bayesian Network illustrating key probabilistic dependencies in
workplace safety.

Table 20. Bootstrap validation of arc strengths (5000 iterations).

From Node To Node Model
Strength

Bootstrap
Mean

95% Confidence
Interval

Arc Presence
(%)

Direction
Consistency (%)

Workplace Hazards Accident Reporting Method 0.98 0.976 [0.954, 0.998] 99.7 99.2
Work Accident Occurred Prevention Steps Taken 0.96 0.958 [0.931, 0.985] 99.5 98.8

Health Issues Experienced Workplace Hazards 0.98 0. 972 [0.948, 0.996] 99.8 99.1
Health Issues Experienced Accident Reporting Method 1.00 0.994 [0.982, 1.000] 100 99.6
Health Issues Experienced Prevention Steps Taken 1.00 0.991 [0.978, 1.000] 100.0 99.5

4. Discussion
The scientific novelty of this study lies not in the mere combination of PCA, clustering,

and Bayesian networks, as such combinations have appeared in the safety engineering
literature [28–30], but in the depth of their integration and the uniqueness of their appli-
cation. Unlike previous studies that focused solely on descriptive statistics, regression
models, or isolated clustering methods, this study integrates dimensionality reduction,
worker profiling, and probabilistic Bayesian Network modelling into a unified framework
for predictive OHS assessment.

The methodological novelty and contribution of this study is that it integrates both
categorical clustering (K-modes and Hierarchical) and probabilistic Bayesian Network
Modelling in order to progress beyond a descriptive, lagging indicator evaluation of
occupational health and safety (OHS) in the Ghanaian mining sector. This study differs
from previous research that estimates only simple logistic regressions or one-off compliance
audits and establishes the relationships between the latent safety constructs, various worker
profiles and accident outcomes, while taking the conditional dependencies and probabilistic
pathways between these constructs into account.

The comprehensive internal validation framework employed in this study, including
held-out internal test-set evaluation (AUC = 0.83, 95% CI: 0.77–0.89), calibration anal-
ysis, decision curve analysis, comparative benchmarking against Logistic Regression
(∆AUC = +0.07, p = 0.02) and Naive Bayes (∆AUC = +0.10, p < 0.01), and bootstrap stability
analysis, provides evidence of robust predictive performance within the study sample.
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The distinction between internal predictive performance and external predictive validity
is important when interpreting the Bayesian Network. The observed AUC-ROC of 0.83,
Brier Score of 0.17, and classification metrics demonstrate useful predictive performance
for observations withheld from model fitting within the present dataset. The relatively
small reduction in AUC-ROC from the training set (0.86) to the held-out test set (0.83),
together with the cross-validation and bootstrap results, provides evidence of internal
model stability. Nevertheless, these procedures cannot establish how the model would
perform in an independent mining population. Consequently, the present findings should
be regarded as preliminary evidence of predictive utility within the study context, with
external validation required before broader predictive deployment.

The three different types of workers identified, including those who work under
supportive conditions, those who have resources but believe that safety measures are not
effective enough, and a very vulnerable group at risk of unsafe conditions, demonstrate
that the situation with safety in the sector is rather complicated. This segmentation offers
empirical data that the fact of offering safety equipment is not sufficient to ensure effective
protection and better safety results. The current observation is in line with the existing
literature that highlights the importance of enforcement of safety interventions, situational
circumstances and employee perception over the availability of resources on their own.

The composition of the study sample may also have affected the pattern of occupa-
tional health and safety practices observed. The number of safety officers represented
was larger than operational mining personnel and supervisory staff. Safety officers are
generally more aware of the organisation’s safety policies, reporting guidelines, hazard
identification procedures and regulatory compliance needs. This may have resulted in their
responses having influenced the relative prominence found in the formal safety structures,
training exposure, equipment provision, and accident reporting pathways. However, the
experiences of the frontline workers who are directly exposed to the operational dangers
are likely not to be recorded to the same degree. This imbalance could partially explain
the salience of the training-related and compliance-related dimensions found in the factor
analysis and the high reporting and prevention paths present in the Bayesian Network
model. The results must therefore be considered to reflect conditions in occupational health
and safety and the sample is weighted towards those who have been given dedicated
health and safety responsibilities.

Particularly, it was revealed by [6,7] that the rate of compliance with safety precautions,
such as the use of personal protective equipment, depends greatly on the conditions in the
workplace and the perceived efficacy of safety measures. The current research confirms
this claim by showing that in the very conditions where safety resources are provided,
the perceived inadequacies still remain, which implies implementation and operational
efficiency gaps. In addition, the probabilistic modelling will provide valuable information
on the structural behaviour of safety systems in the mining industry. The findings of the
Bayesian Network show that all the hazards in the workplace, the existence of accidents,
reporting protocols, and health consequences have significant dependencies. It is important
to note that the results suggest that safety interventions and preventive measures are mostly
aroused after the accidents or development of health problems have taken place. This is
indicative of a reactive safety culture, in that organizational responses take place as a result
of incidents and not in anticipation of risk. This finding is consistent with the general mining
safety systems literature, which has continued to emphasize the dependence of the sector
on lagging indicators. Studies such as [14] and reports by [13] have established systemic
flaws in proactive risk management, as well as overreliance on reactions to incidents. The
present research builds on this knowledge by providing quantitative support by usage
of probabilistic modelling where the reactive patterns are shown to be ingrained in the
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relationships among the important safety variables. Moreover, even though an earlier study
such as [22] has recommended the use of predictive models to pioneer leading indicators of
risk, the present study empirically supports its use in the Ghanaian setting. The Bayesian
model shows how predictive relationships can be employed to predict the probability of
accidents, inform preventative measures and provide a way of moving away from reactive
to proactive safety management.

Furthermore, interpreting the ‘Cluster 2’ paradox and the deeply entrenched reactive
reporting behaviours through contemporary safety paradigms reveals a critical need to
transition away from linear models of accident causation. As [31] postulate, safety fail-
ures within such environments are not simplistic, Newtonian cause-and-effect events, but
rather emergent properties of complex socio-technical systems. The disconnect between
the physical provision of safety resources and the workers’ perceived efficacy perfectly
exemplifies this complexity, demonstrating that physical compliance alone cannot guar-
antee operational safety. Addressing these emergent vulnerabilities therefore requires an
evolution towards organisational systems thinking, which repositions mine safety from
a hazard-centric view to a holistic organisational imperative [32]. By mapping these non-
linear, probabilistic pathways, the present study equips safety managers with the leading
indicators necessary to navigate this complexity, proving that sustainable safety improve-
ments in the mining sector depend on continuous, proactive organisational adaptation
rather than isolated physical interventions.

In addition, it is important to carefully consider the implications of uncertainty propa-
gation in this probabilistic framework when it comes to mine safety decision making. The
uncertainty in the input nodes (especially those based on self-reported hazard perceptions
and health problems) flows through the directed arcs and can lead to a large increase in
the variance of the final conditional probability estimates for the applied Bayesian Net-
work. The model is based on cross-sectional survey results and the resulting propagated
uncertainty means that management must take the output probabilities as probabilistic
indications of risk zones, rather than as absolute, deterministic predictions. These predic-
tive models thus represent a strong, empirical basis for systemic vulnerability assessments
and interventions, but should complement rather than supplant expert judgment in com-
plex, dynamic mining systems. To make informed decisions that adequately address the
uncertainty inherent in the mining environment, the safety manager and occupational
health professionals must combine these probabilistic insights with their contextual, on-site
expertise, operational telemetry and real-time environmental monitoring.

4.1. Conclusions

This study has identified the multidimensional and complex nature of occupational
health and safety practices in the mining industry in Ghana, while the configuration of orga-
nizational systems, worker behaviour, and the capacity of the OHS measures to be adopted
are associated with differences in OHS practices in the mining industry. The methodology
adopted in this study, which involved the identification of latent constructs using a PCA
approach, segmentation of the workforce into segments using a clustering approach and
finally, the assessment of the probabilistic risk using a Bayesian Network, is a methodolog-
ical improvement on previous OHS research in the mining sector in Ghana. This study
integrates dimensionality reduction, worker profiling, and probabilistic Bayesian Network
modelling into a unified framework for predictive OHS assessment, in contrast to previous
studies that have considered these in isolation or only in terms of descriptive statistics.

The scientific novelty of this work is: (1) the depth of quantitative integration across
analytical stages with demonstrated statistical associations; (2) the unified theoretical
framework relating structure discovery, segmentation and risk quantification; (3) the first
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application of this integrated approach to Ghanaian mining OHS; and (4) the comprehensive
empirical validation of the robustness and internal predictive stability of this framework.
Workers’ safety profiles have been differentiated and it has been determined that even if
there are safety resources for workers, there are gaps in perception and application.

The study also shows that the current safety system is reactive because the safety
measures taken are generally taken after the occurrence of accidents or health compli-
cations. It was also concluded that workplace hazards are important factors associated
with the likelihood of an incident occurring, while health conditions are important factors
influencing responses to and reporting of incidents.

4.2. Recommendations

The recommendations derived from this study are directly grounded in the specific
probabilistic and clustering results presented, moving beyond intuitive assumptions to
data-driven interventions:

1. Transition to anticipatory hazard management based on probabilistic risk thresholds.
The Bayesian Network (Table 18) demonstrates that high-hazard environments more
than double the probability of an accident (from 0.216 to 0.453). Furthermore, Table 20
reveals a strong, reactive dependency between ‘Work Accident Occurred’ and ‘Preven-
tion Steps Taken’ (Strength = 0.96). To break this incident-driven cycle, management
must institute predictive hazard inspections and continuous environmental monitor-
ing before the probability threshold of an accident escalates, rather than activating
preventative measures only after an incident is logged.

2. Implement proactive occupational health monitoring as a leading indicator. The mod-
elling results (Table 20) uniquely identify ‘Health Issues Experienced’ not merely as an
outcome, but as a critical predictive driver, with near-definite arc strengths (0.98–1.00)
directing ‘Accident Reporting Method’ and ‘Prevention Steps Taken’. This indicates
that the current safety system relies on workers experiencing health complications
to trigger formal reporting (Table 19: 68.7% probability of safety review given for-
mal reporting). Companies must therefore expand occupational health services to
include mandatory, routine medical examinations and health tracking, using physio-
logical vulnerabilities as a leading indicator to suppress threats before they manifest
as reportable accidents.

3. Enforce rigorous equipment maintenance protocols, not just provision. Factor analysis
(Table 5) identified that safety performance is a multidimensional construct where
‘adequate maintenance of safety equipment’ (loading = 0.746) is a distinct and critical
component alongside mere provision (loading = 0.725). This is empirically validated
by K-modes clustering (Table 6, Cluster 3), which isolates a high-risk worker profile
where ‘PPE Provided’ is ‘Yes’, but ‘Equipment Maintained’ is ‘No’, co-occurring with
unsafe conditions. Mine operators must therefore enforce strict, routine maintenance
cycles and proactive replacement schedules, as the mere presence of equipment does
not mitigate risk if it is unmaintained.

4. Focus on policy implementation and perceived adequacy over mere resource allo-
cation. The clustering results provide a strong, non-intuitive justification for this
recommendation. K-modes analysis (Table 6, Cluster 2) identified a distinct worker
profile where ‘Training Received’, ‘PPE Provided’, and ‘Equipment Sufficient’ are all
‘Yes’, yet ‘Measures Adequate’ is ‘No’. This statistically proves that the physical supply
of resources does not inherently translate to a safe working environment or perceived
operational safety. Management must move beyond provisioning by actively evalu-
ating the practical implementation of safety policies, enhancing ground-level safety
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communication, and fostering a culture of compliance through supportive supervision,
thereby addressing the implementation gaps identified in Cluster 2.

4.3. Implementation Framework for Bayesian Risk Monitoring in Mining Operations

To translate the probabilistic model developed in this study into practical safety man-
agement practice, this section provides a framework for mining companies to implement
Bayesian risk monitoring. The framework addresses the technical, operational, and organi-
zational requirements for effective deployment.

4.3.1. Required Software and Technical Infrastructure

The Bayesian Network model can be implemented using open-source or commercial
software, depending on the company’s technical capacity and resources:

Software/Tool Type Description Suitability

R (bnlearn package) Open-source

Comprehensive Bayesian
Network library with structure
learning, parameter estimation,

and inference capabilities

Ideal for companies with
in-house data science
capability; free and
widely supported

Python (pgmpy
library)

Open-source
Bayesian Network library for

probabilistic graphical models

Suitable for integration with
existing Python-based data

pipelines; active
community support

Bayesialab Commercial
Professional Bayesian Network

software with GUI and
automation features

Suitable for companies without
dedicated programming

expertise; includes
visualization and reporting

Netica Commercial
User-friendly Bayesian

Network software with GUI

Good for prototyping and
demonstration; easy to use for

safety managers

Microsoft Azure
Machine Learning

Cloud-based
Enterprise-grade platform with
Bayesian Network capabilities

Suitable for large mining
companies with cloud

infrastructure; integrates with
existing enterprise systems

Minimum Technical Requirements:

(a) Hardware: Standard desktop computer (8 GB RAM minimum, 16 GB recommended)
for model execution; server deployment for enterprise-wide implementation.

(b) Database: Structured database (SQL) for storing survey responses, inspection data,
and accident records.

(c) Data Collection: Mobile or tablet-based survey applications for field data collection;
integration with existing incident reporting systems.

(d) Training: Basic training in Bayesian Network interpretation for safety managers and
OHS personnel.

4.3.2. Recommended Inspection Frequency and Risk Monitoring Schedule

Based on the probabilistic risk estimates from the Bayesian Network model, we
recommend a risk-stratified inspection and monitoring schedule:
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Risk Level Probability of Accident
Recommended Inspection

Frequency
Monitoring Actions

High Risk P(Accident) > 0.40 Weekly
Daily hazard checks; immediate

corrective actions; health monitoring;
supervisor review of safety protocols

Moderate Risk 0.25 ≤ P(Accident) ≤ 0.40 Bi-weekly

Weekly safety observations;
equipment maintenance checks;

training reinforcement;
near-miss reporting

Low Risk P(Accident) < 0.25 Monthly
Standard safety inspections; routine
equipment maintenance; periodic

refresher training

Dynamic Risk Monitoring

i. Trigger-based inspections: When P(Accident) increases by >15% from previous assess-
ment, immediate investigation is triggered

ii. Quarterly model updates: Update the Bayesian Network with new data (accidents,
health reports, inspection outcomes) to maintain model accuracy

iii. Annual model recalibration: Full recalibration of the model using the most recent data
to ensure continued validity

4.3.3. Integration with Existing OHS Management Systems

The Bayesian risk monitoring framework can be integrated with existing OHS man-
agement systems through the following pathways:

Integration Point 1: Incident Reporting Systems

i. The model’s predicted risk probabilities can automatically flag high-risk workers or
areas for enhanced monitoring.

ii. When an accident is reported, the system can update the Bayesian Network with new
evidence, recalculating risk probabilities for similar conditions.

iii. Formal accident reporting (Table 16, 68.7% probability of safety review) should trigger
automated risk recalculations.

Integration Point 2: Equipment Maintenance Systems

i. The model’s finding that equipment maintenance is a critical factor (loading = 0.746)
suggests integration with Computerized Maintenance Management Systems (CMMS).

ii. Maintenance records can be input as evidence to update risk probabilities.
iii. Alerts can be generated when maintenance is overdue, particularly for high-risk

equipment as identified by the clustering analysis (Table 6, Cluster 3).

Integration Point 3: Health Monitoring Systems

i. Given that “Health Issues Experienced” is the most critical predictive driver
(arc strength 0.98–1.00, Table 20), integration with occupational health databases
is essential.

ii. Routine medical examinations should feed into the risk assessment system.
iii. Workers with identified health issues should be flagged for enhanced monitoring.

Integration Point 4: Training Management Systems

i. Training records can be incorporated as evidence to assess risk.
ii. Workers without recent training can be flagged based on the training dimension

identified in PCA (Component 2, loading 0.770–0.805, Table 5).
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iii. Training effectiveness assessments (Table 5, loading 0.736) can be used to update
the model.

Integration Point 5: Safety Inspection Systems

i. The model’s hazard perception dimension (Table 5, Component 3, loading 0.976)
should be linked to workplace inspection systems.

ii. Inspection results (e.g., environmental safety, hazard presence) can update the model’s
Workplace Hazards node.

iii. The clustering profiles (Table 6) can guide targeted inspections for specific worker groups.

4.3.4. Step-by-Step Implementation Guide

For mining companies wishing to implement the Bayesian risk monitoring framework,
the following step-by-step process is recommended:

Phase 1: Preparation (Months 1–3)

1. Establish baseline data: Collect historical accident records, incident reports, and health
data for at least 12–24 months.

2. Conduct baseline survey: Administer the validated questionnaire to establish the
current risk profile of the workforce.

3. Install software: Set up the chosen Bayesian Network software.
4. Configure database: Establish database connections for integration with existing systems.

Phase 2: Model Deployment (Months 3–4)

5. Validate model on local data: Test the Bayesian Network on the company’s historical
data to ensure calibration.

6. Train safety personnel: Provide training on interpreting risk scores and conditional
probabilities.

7. Establish baselines: Calculate baseline risk profiles for each worker category and
operational area.

8. Set up automated reporting: Configure automated reports for weekly, bi-weekly, and
monthly monitoring.

Phase 3: Implementation (Months 4–6)

9. Begin routine data collection: Implement regular data collection according to the
inspection schedule.

10. Monitor and adjust: Review risk scores and inspection findings; adjust inspection
frequency based on observed patterns.

11. Update model quarterly: Refine the Bayesian Network with new data to maintain
accuracy.

12. Evaluate and scale: Assess the effectiveness of the framework; scale to additional
operational areas or sites.

Phase 4: Continuous Improvement (Ongoing)

13. Annual model recalibration: Full recalibration of the model using all accumulated data.
14. Update questionnaire: Periodically review and update the questionnaire to capture

emerging risk factors.
15. Enhance integration: Expand integration with additional OHS systems (e.g., fatigue

management, environmental monitoring).
16. Share best practices: Contribute to industry-wide learning by sharing implementa-

tion experiences.
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5. Study Limitations
This study has several limitations that should be taken into account when considering

its results. The Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy was 0.580,
which is above the acceptable level of 0.50 but below the recommended level of 0.70.
This means that there is enough overlapping variance between variables to make factor
analysis a viable procedure, but not enough to strongly define the factor structure. The
three-factor solution found by PCA must be carefully interpreted. The marginal KMO
value indicates that the observed variables are not as well intercorrelated as would be
desired to support a good factor structure; some of the variance accounted for by the factors
found by factor analysis could be due to sampling variability and not to actual variance in
the underlying constructs. Future study could focus on increasing the numbers of items
measuring each construct or using different methods of sampling to ensure the sampling
is adequate. Although the KMO value was close to the critical value, the factor analysis
was still considered to be valid for the following reasons. First of all, the KMO value was
higher than the minimum acceptable value of 0.50 and thus factor analysis is appropriate
for the data. Second, the Bartlett’s Test of Sphericity was highly significant (χ2 = 126.781,
df = 15, p < 0.001), which meant that the matrix of correlations is not an identity matrix,
and that the variables are sufficiently correlated for factor extraction. Third, the three
factors extracted accounted for 66.8% of the total variance, which is above the 60% rule,
indicating that the factor solution accounts for a large percentage of the common variance.
Fourth, all the factor loadings were greater than 0.70, which meant that they loaded clearly
onto the factors. The marginal KMO value indicates the complexity of measuring the
constructs of OHS, which in their turn are multifaceted and can be affected by various
operational, organizational and individual factors. Secondly, for the clustering analysis,
the three-cluster solution was supported with several validation indices. The best average
silhouette (0.52) was obtained by K-modes algorithm at k = 3, while in the case of k = 2,
the average silhouette was 0.41. The maximum average silhouette coefficient from the
hierarchical clustering was also k = 3 (0.48). Further, the elbow method showed that the
within-cluster sum of squares (WSS) dropped by 28.6 units when k was increased from 3 to
4, and by 79.7 units when k was increased from 2 to 3. This steadily decreasing return after
three clusters suggests that adding further clusters results in only slight enhancements in
cluster compactness. The cophenetic correlation coefficient (k = 3, 0.81) also shows that the
hierarchical dendrogram is a good representation of the original dissimilarity structure.
The agreement of the results of the K-modes and hierarchical clustering of the number
of clusters (k = 3) does support that the three-cluster solution is a meaningful and stable
segmentation of the workforce and is not an artifact of the clustering algorithm.

Safety officers were the most numerous group (63.8%) with underground miners
following at 10.7% and managers/supervisors at 0.7%, indicating a non-even distribution
of the sample. This imbalance might have caused respondent perspective bias, because
occupational health and safety practices may be different in various occupational groups.
A sensitivity analysis and a balanced subsampling analysis showed, however, that the
underlying probabilistic relationships found in the model were stable, even when the
sample composition varied. The study was based on self-reported data, and this may be
subject to perception bias, social desirability bias, and recall bias. Self-reported data may be
a useful source of information on workers experiences and their perception of safety in the
workplace; however, it does not always capture the actual environment or safety behaviours
in the workplace. Future study should take into account the inclusion of objective safety
indicators (accident record, injury report, compliance audit results, operational safety data,
etc.) along with self-reported indicators in order to better understand occupational health
and safety practices. There were also some limitations in the validation process. The 70/30
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split between train and test was very strict and provided a good test for the performance of
the models, but the test set was not large (n = 89). An external validation data set would
be useful to provide additional evidence of generalisability and applicability of the model,
especially if it is from a different mining site.

In addition to this, the model was developed and validated using cross-sectional
survey data rather than prospective longitudinal data. Consequently, temporal ordering
among the observed variables cannot be established, and the identified relationships should
therefore be interpreted as probabilistic associations rather than probabilistic dependencies
and statistical associations. In terms of novelty and generalisability, this study introduces
a novel analytical framework for evaluating occupational health and safety in mining in
Ghana. Other safety engineering applications of the individual methods (PCA, clustering,
and Bayesian networks) exist, however. The value added by this study is the depth of quan-
titative integration between these analytical stages, the statistical linkages between latent
constructs, worker profiles and risk outcomes, the development of a framework that brings
together the process of structure discovery, segmentation and risk quantification in the
OHS assessment process, and the first application of this integrated approach in the OHS
assessment process in the Ghanaian mining sector. These limitations should be addressed
in future studies by using more representative and more balanced (in terms of occupations)
samples, by including objective safety outcomes in addition to self-reported data, and by
using more sophisticated methods of validation (such as k-fold cross-validation and exten-
sive bootstrapping procedures). In addition, scale-specific models need to be developed
to differentiate between large-scale mining and artisanal and small-scale mining (ASM)
activity and, for stronger assessment of temporal relationships and potential probabilistic
dependency in occupational safety outcomes over time, longitudinal and, where feasible,
quasi-experimental or other appropriate prospective research designs should be used.
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