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Abstract
In recent decades, the mining industry in the United States has made significant strides in reducing accidents and injuries. 
While these improvements are commendable, interpreting these statistics can be challenging due to concurrent declines in 
workforce size, employee hours, productivity, and operating systems. The Mine Safety and Health Administration (MSHA) 
of the United States has instituted tools like the Pattern of Violation (POV) and Significant & Substantial (S&S) calculator to 
monitor safety in mines. However, both have their respective limitations. Various risk indices have been proposed to address 
these limitations, leveraging multiple matrices from MSHA databases. Yet, the primary challenge lies in effectively integrat-
ing these diverse matrices into a cohesive risk index. This research endeavors to develop an information entropy–based risk 
(IER) index through the optimization of weights assigned to these sometimes-conflicting matrices. The seven-dimensional 
risk indicators considered for IER index computation encompass (a) citations, (b) orders, (c) significant & substantial cita-
tions, (d) penalties, (e) incidents with no lost time, (f) lost time injuries, and (g) proposed penalty for violation. The efficacy 
of the proposed IER index was assessed using data from MSHA’s underground mines spanning from 2011 to 2020. Validation 
of the IER index was conducted through application of the BIRCH clustering algorithm in tandem with rigorous statistical 
analysis. The clustering performance was evaluated using the multivariate analysis of variance (MANOVA) test, followed 
by post hoc analysis. Box plots and univariate analysis of variance (ANOVA) tests were then employed to substantiate the 
statistical significance of mean differences in IER index values across clusters. The MANOVA test and subsequent post hoc 
results underscore the successful clustering of the seven-dimensional risk indices across all time periods using the BIRCH 
algorithm. The ANOVA test unequivocally demonstrates that the mean risk index values of at least one cluster are statistically 
distinct from the others at a 95% confidence level for all periods. Post hoc analysis further confirms the statistical significance 
of differences in mean risk indices between clusters. These findings were further supported by the results obtained from the 
box plots. Finally, the proposed approach was applied to an underground coal mine to illustrate its practical effectiveness. 
This study demonstrates that the proposed approach can empower mining companies to comprehensively assess their safety 
performance and implement necessary measures for improvement.
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1  Introduction

Mining involves the extraction of economically valuable 
minerals from veins, seams, or other types of orebodies, 
playing a pivotal role in various industries such as steel 
production, power generation, electronics, construction 
products, and agriculture [14]. Despite its significant con-
tributions, mining stands out as one of the most hazard-
ous industrial environments, posing risks to the safety and 
health of workers from hazards like dust inhalation, roof 
collapses, explosions, rockslides, and power haulage acci-
dents [41]. In fact, mining exhibits higher incidence rates 
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of injuries and fatalities compared to many other industries 
[33]. The fatal injury rate in mining in the United States 
(US) for full-time equivalent (FTE) workers per 100,000 
saw a notable decrease from 24.18 in 2006 to 11.77 in 2022 
(NIOSH, 2024). In 2022, the fatality rate in mining in the US 
was 11.7, significantly higher than the average work-related 
fatality rate of 3.7 across all industries in the US (NIOSH, 
2024,OSHA, 2024). The US Mine Safety and Health Admin-
istration (MSHA) diligently monitors fatalities, injuries, 
accidents, and violations in the mining industry. Figure 1 
illustrates the fatality rate in mining in the US from 2011 
through 2020 (NIOSH, 2024). However, these figures can 
be misleading due to the concurrent decline in workforce 
size and employee hours from 2015 to 2022 (Fig. 1). There-
fore, to mitigate mining accidents, injuries, and fatalities, 
conducting a comprehensive qualitative and quantitative 
risk analysis is crucial in identifying potential risk-related 
incidents [12, 43].

The US Mine Safety and Health Administration (MSHA) 
has implemented various provisions to enhance miner safety. 
MSHA has developed an interactive portal focused on mine 
health and safety standards, which includes comprehensive 
databases covering accidents, inspections, violations, cita-
tions, and production (MSHA, 2024). Additionally, MSHA 
has introduced monitoring tools such as the Pattern of Vio-
lation (POV) and Significant & Substantial (S&S) calcula-
tor (MSHA, 2024). The POV utilizes two sets of screening 
criteria to conduct the review required under 30 CFR §104.2, 
while the S&S calculator indicates whether the inspector 
determines the severity to be significant and substantial. 
These tools can be beneficial for mining companies, but they 
have limitations. Research by Kinilakodi and Grayson [19] 

has highlighted a limitation of the POV tool, as it depends on 
the disposition of the final citation, which involves ten com-
ponents and can be challenging to calculate and implement. 
Moreover, the POV provides only a binary answer (YES/
NO), making it difficult for mine operators and contractors 
to use it for risk management and continuous improvement 
compared to regulatory compliance. In contrast, the S&S 
calculator is straightforward, provides a quantitative value, 
and is simple to calculate. However, it only considers two 
parameters (the number of S&S citations and inspection 
hours), ignoring other citations and orders.

Incidences involving death or injury are influenced by 
various contributing factors, and metrics provide valuable 
insights into the multifaceted nature of these incidents. 
According to Title 30 of the Code of Federal Regulations 
(CFR), Part 50, mine operators and contractors are man-
dated to submit detailed reports of reportable incidents 
using MSHA Form 7000–1 (Title-30, Chapter-I, Subchap-
ter-I, Part-50, n.d.). Incidents within mines are categorized 
into two main types: those resulting in no lost-time injuries 
(NLT) and those leading to lost-time injuries (LT). Analyz-
ing data related to lost-time injuries is crucial in prevent-
ing fatalities. Further classification of LT and NLT injuries 
distinguishes between nonfatal days-lost injuries (NFDL) 
and fatal and no-days-lost injuries (NDL) (MSHA, 2023). 
Researchers have applied these tools to understand the 
potential risks of mining accidents [40, 36, 12, 22]. Research 
indicates that increased penalties for violations play a cru-
cial role in enhancing health and safety standards within 
mines [18]. Elevated citations for specific violations, par-
ticularly those categorized as S&S and orders, can signify 
a failure in risk management and lead to a decline in safety 

Fig. 1   Mining fatalities and 
annual hours in the United 
States
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performance [11]. The frequency of occurrence serves as a 
normalized safety measure, while severity is gauged by the 
relative extent of associated losses [21]. Historically, these 
tools have been utilized in the mining industry to measure 
potential safety issues in mines [9, 46].

To address the limitations of existing tools, Kinilakodi 
and Grayson [20] proposed the Safe Performance Index 
(SPI) to assess the overall safety performance of a mine. 
Unlike previous tools, the SPI places greater emphasis on 
more severe citations [19]. The SPI, typically expressed as 
a percentage, allows mining companies to track their safety 
performance over time and compare it to industry bench-
marks. A higher SPI indicates better safety performance, 
while a lower SPI may highlight areas for improvement in 
safety practices and procedures. However, the SPI assigns 
equal weights to accident and citation measures for assessing 
mine safety performance [20], overlooking the uncertainty 
associated with each measure. Although the SPI provides a 
quantitative value for safety performance, Kinilakodi et al. 
[21] developed a traditional risk analysis tool from the SPI 
using variable weight values. Nonetheless, the weights were 
assigned based on subjective judgment rather than evaluat-
ing the uncertainty of each index associated with accident 
and citation measures.

The present study aims to propose a risk index based on 
safety indicators, enabling mining companies to assess mine 
safety performance. An information entropy–based risk 
index (IER) is introduced to analyze the relative significance 
of various factors based on their entropy values and allocate 
weights accordingly. The IER is scrutinized using MSHA 
databases to optimize the weights of conflicting safety indi-
ces. Information entropy is crucial for weight calculation 
when combining multiple indices to develop a new index 
[26, 34]. For mining risk index development, information 
entropy helps quantify the uncertainty or unpredictability 
associated with each safety index. By assigning weights 
based on the information entropy of each safety index, we 
can effectively prioritize indices that provide more informa-
tive and less redundant information. Validation of the IER 
was conducted by identifying clusters with relative risk. 
Consequently, it becomes feasible to compute the IER over 
time, unveiling trends in the evolution of risk associated with 
specific mining operations. Thus, discerning the new risk 
index (i.e., IER) could offer deeper insights into the risk 
profile of the mining industry.

2 � Materials

MSHA’s open data portal contains a wealth of information 
on production (e.g., coal), employment, and injury and fatal-
ity statistics for every permitted, active mine in the United 
States (MSHA, 2024). The data also includes details on 

inspections, citations, and violations, dating back to inspec-
tions initiated on 1/1/2000, each with a unique event number 
linked directly to the inspection dataset.

For our research, we utilized the violation, inspection, 
production, and accident datasets from the MSHA open data 
website (https://​arlweb.​msha.​gov/​OpenG​overn​mentD​ata/​
OGIMS​HA.​asp), processing them in a Python environment. 
All data and code used in this research are available online 
(link provided later in this paper). The violation data pro-
vided citations, orders, S&S information, and proposed pen-
alties, which were integral to our research. Inspection data 
helped us calculate inspection hours, which were crucial for 
calculating violation-related risk indices. Production data 
was used to calculate employee hours, which in turn helped 
calculate accident-related indices, such as the no-days-lost 
incidence rate (NDL IR), nonfatal days-lost incidence rate 
(NFDL IR), and severity measure (SM).

The accident dataset categorizes the degrees of injury into 
ten levels, including fatal, permanent total or partial disabil-
ity, nonfatal with days lost only, nonfatal with days lost and 
days of restricted work activity, nonfatal with restricted work 
activity only, and nonfatal with no days lost or restricted. 
This information, along with employee hours’ data from the 
production dataset, was used to calculate the NDL IR, NFDL 
IR, and SM.

Our research primarily focuses on underground mining. 
Therefore, we specifically utilized underground data from 
2011 to 2020 (MSHA, 2024) for both violation-related risk 
indices and accident-related risk indices. Subsequently, 
we calculated the IER index for each year using violation-
related risk indices, accident-related risk indices, and an 
information entropy approach, as detailed in Sect. 3 of our 
research. Table 1 summarizes the different datasets used and 
their purposes in our study.

3 � Methodology

3.1 � Citation and Injury‑related Risk Index 
Calculation

In this research, seven different risk indices were calculated 
to evaluate the safety performance of each underground 
operating mine in the US. Four of these indices are related 
to violation data, while the remaining three are derived from 
accident injury data. The violation-related indices include 
Significant and Substantial Citations per 100 Inspection 
Hours (SS/100 IH), Orders per 100 Inspection Hours (O/100 
IH), Citations per 100 Inspection Hours (C/100 IH), and 
Penalty per 100 Inspection Hours (P/100 IH). The injury-
related risk indices are as follows: No-Days-Lost Incidence 
Rate (NDL IR), Nonfatal Days-Lost Incidence Rate (NFDL 
IR), and Severity Measure (SM). The indices are calculated 

https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
https://arlweb.msha.gov/OpenGovernmentData/OGIMSHA.asp
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using the following equations (MSHA, 2023; OSHA 2024, 
30 CFR Part 50, 2024):

Equations (1) to (3) measure S&S risk, order risk, and 
citation risk, and were utilized in previous research [19]. 
Equation  (4) represents the penalty-related risk index, 
proposed in this paper after identifying its potential to 
minimize risk in other industries [15, 24]. To remain con-
sistent with MSHA’s other calculators (MSHA, 2024), the 
per 100 inspection hours metric was used in these four 
equations. Equations (5) and (6) calculate risk indices for 
NDL and NFDL injuries. Fatalities are not included in 

(1)

SS∕100 IH =
number of signif icant and substantial citations

number of inspection hours
× 100

(2)O∕100 IH =
number of orders

number of inspection hours
× 100

(3)C∕100 IH =
number of citations

number of inspection hours
× 100

(4)P∕100 IH =
penalty amount

number of inspection hours
× 100

(5)NDLIR =
number of NDL injuries

number of employee hours
× 200,000

(6)NFDLIR =
number of NFDL injuries

number of employee hours
× 200, 000

(7)

SM =
number of restricted and lost work days

number of employee hours
× 200, 000

any lost time calculations. The only caveat is if an injured 
person is hospitalized for a period before dying, this is rare 
and such cases are usually removed from the dataset once 
death occurs. Equation (7) represents the severity measure, 
incorporating lost and restricted workdays to ensure higher 
visibility of the most severe injuries. The number 200,000 
in Eqs. (5) to (7) is used to standardize for 100 full-time 
employees working 40 h per week, 50 weeks per year.

While current risk analysis tools offer valuable insights 
for maintaining safe mining operations, they often rely on 
a simplified approach and have limited capacity to incor-
porate diverse information in assessing potential risks. 
Accurate management of mining-related risks requires a 
combination of multiple risk indicators. The IER index 
is derived by multiplying the unknown weights (w1 to 
w7) with the respective risk indicators. For simplicity, 
assigning equal weights (1/7) to each of the seven com-
ponent risks is a common practice. The determination 
of weights heavily relies on specific indicators and can 
involve subjectivity [49]. Equal weights are assigned when 
indicators hold equal importance (Becker et al., 2020). A 
weight serves as a coefficient signifying the relative sig-
nificance of one attribute compared to others [13]. These 
weights can be computed through iterative unsupervised 
algorithms, with a weighted ℓ2 metric established for the 
indicator (Jimenez-Fernandez et al., 2022).

Various methods exist for weight determination, includ-
ing the analytic hierarchy process, the entropy method, and 
the expert evaluation method. Among these, the entropy 
approach stands out for its objectivity, as it involves no artifi-
cial subjective factors. The weight calculation is grounded in 
data variance, enhancing the precision of quantitative evalu-
ation results [48]. The core principle of the entropy weight 
methodology lies in computing objective weights based on 
the divergence levels within the unbiased data [44].

Table 1   List of variables used for analysis and their description

Data source Description Purpose

Violation dataset
  Citations Type of citation issued Citation index calculation
  Order Type of order issued Order index calculation
  Significant and substantial Gravity of injury S&S index calculation
  Proposed penalty Penalty issued for a citation Proposed penalty index calculation

Inspection dataset
  Total inspection hours Recorded total inspection hours Citation, order, S&S, and proposed 

penalty indices calculations
Production dataset

  Annual employee hours Employee hours for a calendar year NDL IR, NFDL IR, SM calculations
Accident dataset

  Degree Injury Degree of injury or illness to an individual Accident-related indices (NDL IR, 
NFDL IR, SM) calculations
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The methodology flowchart, as depicted in Fig. 2, com-
prises three key elements: the information entropy approach, 
clustering algorithm, and statistical analysis. The informa-
tion entropy approach establishes weights by evaluating 
the dispersion degree for the risk index. The IER’s valid-
ity is confirmed through clustering models and subsequent 
statistical analysis for each individual year. The following 
subsections present the detailed methodology proposed in 
this research.

3.2 � Weight of Indexes

The seven-dimensional risk indices, comprising NDL IR, 
NFDL IR, SM, Penalty, C/100, SS/100, and O/100, are taken 
into account for each year to ascertain the weightage values 
and determine the IER index. Conventionally, index weights 
are established through subjective fixed weight techniques 
such as the Delphi method, expert surveys, and the analytic 
hierarchy process (AHP). However, objective fixed weight 
methods rely on the inherent information within indexes to 
generate index weights.

In information theory, entropy serves as a metric for 
assessing the degree of disorder and relevance within a 
system’s information [25]. The entropy-weighting method 
provides a more accurate means to bypass the influence 
of subjective considerations [51]. There exists an inverse 
mathematical relationship between the probability of an 
event occurring and the amount of information entropy. 
Specifically, when an event can be accurately predicted, 
the probability value is high, and the entropy value is low 
[2]. Attributes with relatively higher entropy measures 
exhibit a more extensive data distribution between the 
two extremes of the solution space. The more random the 
input, the greater impact the associated attribute has on the 
algorithm’s decision-making [35]. Entropy values serve to 
mitigate the influence of unusual attributes, thereby enhanc-
ing assessment precision. The fundamental discrepancies 

in decision-making responses can be addressed using the 
entropy technique [23].

Consequently, the entropy approach is employed to ana-
lyze the weight vectors of the indicators in a comprehensive 
evaluation based on the degree of dispersion [16]. The infor-
mation entropy procedure is outlined as follows:

Step 1: The seven-dimensional database constructs the 
evaluation matrix for each year. The number of rows in 
this database is the number of operating mines in that 
year.
Step 2: If n sets of indexes exist in the index system and m 
mines, then xij is the value of the jth index in the ith mine. 
Standardizing indexes is important to remove the impact 
of index dimension on incommensurability. The assess-
ment matrix in the current study is normalized using the 
critical value approach. The normalized indicators are 
determined by:

where x′
ij
 is the normalized value for the element xij , 

��� xj is the minimum value of column j, ��� xj is the 
maximum value of column j, the index i represents the 
mine, which varies from 1 to m, the j represents the indi-
vidual risk index, which varies from 1 to 7, m is the num-
ber of operating mines in a specific year, and � represents 
a very small positive number to avoid the minimum nor-
malized value being zero, whose logarithm is undefined. 
Please note that m might vary from 1 year to the next due 
to the closure of an existing mine or the opening of a new 
mine.
Step 3: The range of entropy value ej is [0, 1]. The greater 
the value of ej, the higher the degree of differentiation and 
the more information can be extracted [51]. According to 
the definition of entropy, the entropy of the jth index is 
determined by:

(8)x�
ij
= � +

((

xij − min xj
)

∗ (1 − �)

��� xj −min xj

)

Fig. 2   Flow chart to determine 
the proposed entropy-based risk 
index in the current study
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Step 4: Wj is defined as the entropy weight of the jth 
parameter, which is calculated as:

Step 5: Finally, the IER index was computed for mine 
i by multiplying the weights with their corresponding 
values using the following equation:

where 
∑

j wj = 1

The weight calculation is instrumental in establishing 
the relative importance of each indicator. To ensure the 
IER’s unbiasedness, the sum of indicator weights was 
maintained at 1 [10]. This methodology was consist-
ently applied annually, resulting in the determination 
of the risk index for each year.

3.3 � Validation

The validity of the proposed IER index is confirmed 
through the clustering of seven-dimensional risk matrices 
for each respective year. If the resulting risk index effec-
tively encapsulates these matrices, the risk index values 
between clusters should exhibit statistical differences [6]. 
This was assessed using the MANOVA test and post hoc 
techniques. Furthermore, the ANOVA and post hoc tests 
were employed to verify that the mean values of the risk 
index across different clusters were statistically different.

3.3.1 � Clustering of Risk Indices

Clustering plays a crucial role in various data analysis and 
machine learning tasks by grouping similar data points 
together, thus enabling easier data interpretation and pat-
tern recognition [37]. There are many clustering algo-
rithms available for data grouping. The Balanced Itera-
tive Reducing and Clustering using Hierarchies (BIRCH) 
stands out for its ability to perform intelligent cluster 
assignments without the need for human intervention [38]. 
The number of optimal clusters was determined using the 
silhouette coefficient, and subsequently, BIRCH clustering 
was employed to assign cluster labels.

(9)
ej =

−
∑m

i=1

x�
ij

∑m

i=1
x�
ij

∗ ln

�

x�
ij

∑m

i=1
x�
ij

�

ln m

(10)wj =
1 − ej

∑

j(1 − ej)

(11)IERi =
∑

j

wj ∗ x�
ij

3.3.2 � Determining the Number of Clusters

The IER index is validated using statistical analysis of the 
clustered data. The clustering algorithms learn from the data 
and, upon encountering new data, categorize it based on 
previously acquired features [37]. Consequently, clustering 
algorithms can identify similar relationships among data 
groups (Lieber, 2013). However, most clustering methods 
presuppose a known number of clusters for evaluation. To 
ascertain the appropriate number of clusters, the silhouette 
method was employed (Saputra, 2020). This method takes 
into account both intra-cluster and inter-cluster distances 
when determining the cluster count [8]. The silhouette value 
gauges a data point’s resemblance to its cluster centroid rela-
tive to other cluster centroids, with values ranging from − 1 
to + 1. A higher Silhouette score signifies a more fitting cor-
respondence of the data point to its cluster centroid [50]. 
The mean intra-cluster distance (a) and the nearest-cluster 
distance (b) for each data point are used in the calculation 
of the silhouette coefficient [50]:

If the mean silhouette value for a given number of clusters 
is significantly higher compared to other cluster numbers, it 
indicates that this number of clusters is optimal [50].

3.3.3 � BIRCH Clustering

BIRCH with hierarchies is an efficient clustering algorithm 
that constructs clusters using the Cluster Feature Tree (CF 
Tree) and Height-Balanced Tree (Lorbeer et al., 2018). In 
this hierarchical clustering approach, clustering features are 
organized in a Height-Balanced Tree (CF Tree), character-
ized by a balancing factor (B) and a threshold (T) [47]. The 
process of analyzing and assigning data to the appropriate 
cluster occurs incrementally as part of building the CF Tree.

The balanced tree is formed using the BIRCH algo-
rithm, which clusters and stores data points in each leaf 
node. Each leaf node maintains pointers to the node 
directly below and above it. Following the BIRCH pro-
cess, these pointers provide swift access to sets as pro-
vided by the BIRCH algorithm during clustering (Kovacs 
and Bednarik, 2011). In this approach, intra-cluster dis-
tances are computed using clustering features until the 
desired number of clusters is achieved. At this point, the 
algorithm merges the two closest clusters. Therefore, the 
BIRCH clustering method employs multilevel clustering to 
reduce complexity and enhance flexibility. It emphasizes 

(12)Silhouette Coefficient =
b − a

max(a, b)
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identifying the optimal subclusters and multidimensional 
group metrics to yield clusters of superior quality [31].

3.3.4 � Statistical Methods

The multivariate analysis of variance (MANOVA), 
an extension of the univariate analysis of variance 
(ANOVA), is employed to assess differences among 
groups [4]. MANOVA relies on three key assumptions: 
independence, multivariate normality, and equality of 
variance matrices [4]. It conducts a comprehensive analy-
sis of the correlations existing among several dependent 
variables. The null hypothesis (H0) states that the means 
of the investigated parameters are equivalent, while the 
alternative hypothesis suggests that at least one param-
eter possesses a distinct mean value across the compared 
populations [39].

Various MANOVA statistics, including Wilks’ lambda, 
Hotelling-Lawley trace, Pillai’s trace, and Roy’s largest 
root, aid in determining the p-value and evaluating the 
null hypothesis (H0) [3]. Additionally, Tukey’s honestly 
significant difference (HSD) test was employed as a post 
hoc analysis to compare means among different cluster 
labels. If the p-values were below 0.05, it indicated a 
statistically significant difference between the groups [1].

Following the assessment of cluster robustness, the 
validity of the developed risk index (IER) was examined 
by comparing the means of the entropy-based risk index 
values across different clusters. If the proposed weight 
calculation method effectively captured the seven-dimen-
sional risk indices, the mean value of the proposed risk 
index within the cluster should significantly differ from 
the mean values of the risk index in other clusters, sta-
tistically. The ANOVA test was conducted to confirm 
the mean distinctions of the IER across various clusters. 
Subsequently, the post hoc test was performed to verify 
that all means of the risk index from different clusters 
were statistically different. Box plots were also utilized 
to visually represent the risk index values across clusters.

4 � Results

4.1 � Risk Index Determination

Table 2 shows the descriptive statistics of all seven indices 
from underground mines in this study for 2012. In 2012, a 
total of 714 active underground mines were identified from 
MSHA databases. The results from Table 2 indicate that all 
indices exhibit extremely skewed distributions (skewed to 
the left, with the median lower than the mean). These find-
ings are further supported by the box plots of these indices 
(Fig. 3). Table 2 also demonstrates that the different indices 
have varying ranges, necessitating normalization before cal-
culating the IER index. Table 2 also shows that the minimum 
value for all seven indices is zero, which could impact the 
IER index calculation since it involves logarithm operations. 
The coefficient of variation (CV), which is a standardized 
measure of dispersion of a frequency distribution, was cal-
culated for all seven indices and is presented in Table 2. The 
results show that SM has the highest dispersion, followed by 
NFDL IR and NDL IR, whereas C/100 IH and SS/100 IH 
show the lowest dispersion.

Table 3 shows the descriptive statistics of the normal-
ized values of the indices. The normalization was performed 
with an ε value of 1E − 06. The results in Table 3 indicate 
that all data are normalized within the range of 1E − 06 to 
1, while preserving the standardized dispersions (the CV 
is unchanged). The box plots of the normalized data also 
demonstrate that the frequency distributions of these indices 
remain unchanged (Fig. 4). The minimum value (1E − 06) of 
these indices represents the lowest risk, and the maximum 
value (1) represents the highest possible risk.

It should be noted that the highest possible risk value (i.e., 
1) is very unlikely, as it would require all seven indices to 
have values equal to 1.

The number of high risk and extremely high-risk mines 
based on these indices can be identified using the outlier 
value (OV) threshold (Q3 + 1.5*IQR) and the extreme out-
lier value (EOV) threshold (Q3 + 3*IQR), respectively, as 

Table 2   Descriptive statistics 
of seven risk indices from 
underground mines in this study 
for 2012

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH

Count 714 714 714 714 714 714 714
Mean 7398.50 3.69 3.62 296.69 9.18 2.28 0.29
Std 11,781.79 12.20 14.51 2308.11 8.67 2.09 0.71
Min 0.00 0.00 0.00 0.00 0.00 0.00 0.00
25% (Q1) 1304.05 0.00 0.00 0.00 5.71 0.96 0.00
50% (Q2) 3344.07 1.05 0.00 23.27 8.53 1.95 0.04
75% (Q3) 8645.09 3.57 3.99 201.09 11.44 3.12 0.28
Max 102,356.17 238.66 238.66 57,600.00 200.00 26.37 8.99
CV 1.59 3.31 4.01 7.78 0.95 0.92 2.48
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discussed in Kinilakodi et al. [21], where IQR is the inter-
quartile range (Q3-Q1). Table 4 shows the extreme outlier 
value and outlier value thresholds and the number of mines 
that fall above these threshold values for each index. It was 
observed that the EOV and the number of mines above EOV 
thresholds vary significantly from one index to another. The 

SS/100 IH and P/100 IH have the highest EOV threshold 
values of 0.36 and 0.29, respectively, whereas NDL IR and 
NFDL IR have the lowest EOV threshold of 0.06 and 0.067, 
respectively. The number of mines above the EOV thresh-
old is highest for SM and O/100 IH (45 for both), whereas 
C/100 IH and SS/100 IH show the lowest number of extreme 

Fig. 3   Box plots of all seven indices for underground mines in 2012

Table 3   Descriptive statistics of 
seven risk indices’ normalized 
data from underground mines in 
this study for 2012

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH

Count 714 714 714 714 714 714 714
Mean 0.07 0.02 0.02 0.01 0.05 0.09 0.03
Std 0.12 0.05 0.06 0.04 0.04 0.08 0.08
Min 1E − 06 1E − 06 1E − 06 1E − 06 1E − 06 1E − 06 1E − 06
0.25 (Q1) 0.01 1E − 06 1E − 06 1E − 06 0.03 0.04 1E − 06
0.50 (Q2) 0.03 4.41E − 03 1E − 06 4.05E − 04 0.04 0.07 4.93E − 03
0.75 (Q3) 0.08 0.01 0.02 3.49E − 03 0.06 0.12 0.03
Max 1.00 1.00 1.00 1.00 1.00 1.00 1.00
CV 1.59 3.31 4.01 7.78 0.95 0.92 2.48
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high-risk mines, with 3 and 4, respectively. A similar pat-
tern was observed for OV thresholds across all indices. As 
expected, the number of mines above the OV threshold val-
ues is higher than those above the EOV thresholds.

Therefore, the risk quantification of a mine can vary sig-
nificantly depending on the selected risk index. This result 
underscores the need for a single risk index that combines all 
these individual indices. While the risk calculation demon-
strated here is based on the EOV, users can choose their own 

risk ranking based on these normalized values to monitor 
their mining risk. However, risk categorizations or rankings 
are beyond the scope of this paper.

The IER index was then calculated using the normalized 
data, with the weight values associated with each defined 
risk index for IER calculations presented in Table 5. The 
results show that SM has the highest weight, followed by 
NFDL IR and NDL IR. This outcome is consistent with the 
CV values of the normalized data (Table 3). Additionally, 

Fig. 4   Box plots of the normalized data all seven indices for underground mines in 2012

Table 4   Extreme outlier values and outlier values for all indices and number of mines above the threshold value from underground mines in 
2012

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH IER

EOV 0.29 0.06 0.067 0.014 0.14 0.36 0.12 0.093
Number of mines above EOV 37 28 25 45 3 4 45 20
OV 0.19 0.037 0.042 0.009 0.1 0.24 0.078 0.061
Number of mines above OV 59 52 44 79 20 26 78 51
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the results indicate that C/100 IH and SS/100 IH have the 
lowest weight values, which is also reflected in their CV 
values. The results demonstrate that the weight calculation 
using the information entropy method can accurately cap-
ture the variability of the individual risk indices used for 
the IER index calculation. Table 5 also highlights that the 
sum of the weights equals 1, ensuring the unbiasedness of 
the IER index. The sensitivity of the ε value on the weight 
calculation was also verified, and Table 5 shows the weight 
values for different ε values. The table indicates that there is 
no significant difference in weights when smaller values of 
ε (1E − 06 or 1E − 09) are used. However, when the ε value 
is slightly larger, some differences in weights are observed, 
though they are not very significant. Since ε is used to 
replace zero, we recommend using an ε value as small as 
1E − 06 to ensure it does not impact the solutions.

Table 6 presents the descriptive statistics of IER and 
equal weights risk (EWR) index values for underground 

mines in 2012. For the EWR calculation, all seven indices 
were equally weighted (i.e., 1/7) to obtain the EWR index. 
The results show that IER values range from as low as 
1.08E − 04 to as high as 0.47. Notably, although IER can 
theoretically reach 1, it only reaches a maximum value of 
0.47. The descriptive statistics reveal a very skewed distri-
bution with a long tail at higher index values. The statistics 
also demonstrate that the IER index captures the distribution 
shape of all seven indices, which is visualized in the box 
plot of IER (Fig. 5). EWR index statistics are also presented 
in Table 6. The results show that the length of the long tail 
towards higher values is relatively small compared to IER. 
This is evident from the CV value and the box plot (Fig. 5). 
Since EWR uses equal weights, it fails to capture the vari-
ability of the original data, resulting in higher errors (Del-
Sole, 2013). Although it is challenging to validate this claim, 
researchers have demonstrated it through experiments (Del-
Sole, 2013). Moreover, by visually comparing the box plot 
and examining the CV values, it can be concluded that the 
IER better represents the shape of the frequency distribution 
and preserves the data statistics better than the EWR index.

Table 7 delineates the weight values determined for IER 
index using the information entropy approach, evaluating 
comprehensively through the degree of dispersion. The 
weights for all indicators exhibit variation over the years, 
some showing more pronounced values than others. Nota-
bly, significant and substantial violations (SS/100), which 
have a direct bearing on injury occurrence, are attributed 
greater weight than citations. While citations serve as 
an effective means for enforcing safety regulations and 
encouraging compliance, they may not wholly encapsulate 
the presence of risk to miners. The weight values of SM, 
NFDL IR, and NDL IR are consistently higher compared 

Table 5   Weight value for 
each risk index to calculate 
IER using different ε for 2012 
underground mining

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH

ε = 0.0001 0.094 0.180 0.202 0.284 0.026 0.046 0.168
ε = 1E − 06 0.092 0.180 0.202 0.290 0.025 0.045 0.166
ε = 1E − 09 0.092 0.180 0.202 0.290 0.025 0.045 0.166

Table 6   Descriptive statistics of IER and EWR indices from under-
ground mines in this study for 2012

IER EWR

Count 714 714
Mean 0.02 0.04
Std 0.03 0.04
Min 1.08E − 04 4.26E − 04
0.25 (Q1) 0.01 0.02
0.50 (Q2) 0.02 0.03
0.75 (Q3) 0.03 0.05
max 0.47 0.33
CV 1.40 0.96

Fig. 5   Box plot of a IER and b 
EWR indices for underground 
mines in 2012
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to other indices. The weight for penalty is consistently 
over the years. In 2012, the most pivotal criterion is SM, 
accounting for approximately 29% of the weight. The 
weights for SM remain relatively consistent, hovering 
around 0.2. The EOV and OV thresholds for the IER index 
are also presented in Table 7, showing significant variation 
from year to year. The number of very high-risk mines 
(above the EOV threshold) and high-risk mines (above the 
OV threshold) is also detailed in Table 7. It was observed 

that the number of very high-risk and high-risk mines has 
been decreasing over the years. However, it was also noted 
that the number of operating underground mines has been 
trending downward, from 732 in 2011 to 431 in 2020.

Table 7   Weights for IER index, underground mine number, EOV and OV thresholds for each calendar year from 2011 to 2020 (the number 
within parentheses in EOV and OV columns represent the number of mines above the threshold value)

CAL YR Number of 
samples

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH EOV threshold OV threshold

2011 732 0.044 0.291 0.289 0.281 0.008 0.019 0.068 0.023 (28) 0.016 (56)
2012 714 0.092 0.180 0.202 0.290 0.025 0.045 0.166 0.093 (20) 0.061 (51)
2013 633 0.047 0.141 0.342 0.329 0.011 0.026 0.104 0.032 (15) 0.021 (31)
2014 593 0.106 0.199 0.180 0.229 0.023 0.061 0.202 0.173 (13) 0.114 (29)
2015 543 0.088 0.251 0.193 0.210 0.021 0.052 0.185 0.104 (12) 0.069 (24)
2016 470 0.087 0.287 0.148 0.216 0.029 0.059 0.173 0.195 (5) 0.127 (19)
2017 464 0.089 0.184 0.190 0.180 0.025 0.066 0.266 0.111 (8) 0.073 (20)
2018 464 0.110 0.223 0.170 0.200 0.031 0.070 0.195 0.281 (3) 0.182 (20)
2019 451 0.064 0.491 0.119 0.125 0.019 0.045 0.137 0.128 (3) 0.085 (27)
2020 431 0.105 0.197 0.173 0.179 0.041 0.090 0.215 0.322 (2) 0.208 (16)

Table 8   Illustrative summary 
of mines along with their 
computed risk indices for the 
year 2012

MINE ID P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH IER

1 0.015 0.000 0.838 1.000 0.042 0.105 0.000 0.466
2 0.007 1.000 1.000 0.008 0.038 0.000 0.000 0.386
3 0.512 0.000 0.227 0.336 0.052 0.202 0.248 0.242
4 0.099 0.000 0.000 0.000 0.264 1.000 0.978 0.223
5 0.199 0.000 0.000 0.000 0.039 0.043 1.000 0.187

Table 9   Top 25 high-risk underground mining types from 2011 to 
2020

CAL YR Coal mines Metal mines Non-metal 
mines

Stone

2011 20 2 1 2
2012 17 5 1 2
2013 17 6 1 1
2014 19 5 0 1
2015 11 7 1 6
2016 17 3 0 5
2017 15 6 1 3
2018 17 2 1 5
2019 14 5 0 6
2020 15 4 1 5

Fig. 6   Silhouette score for different cluster number using BIRCH 
clustering. The X-axis value represents the Silhouette coefficient. 
Higher the score, better the cluster separability
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The IER index is computed by multiplying the assigned 
weights with their corresponding values for each individ-
ual year. Table 8 provides an illustrative selection of mines 
along with their respective risk indices for the year 2012. 
It is evident that mine 1 exhibits a considerably higher risk 
compared to the other mines in the sample table. It should 
be noted that all five mines are classified as very high-risk, 
with IER index values exceeding the EOV threshold of 
0.093. From this list, it can be observed that these mines 
are either very risky based on one or two indices (mine 1 
has the highest SM score, mine 4 has the highest SS/100 
IH score, mine 5 has the highest O/100 IH score, and mine 
2 has the highest scores for both NDL IR and NFDL) or 
contribute moderate risk levels across multiple indices 
(mine 3 has scores above 0.2 for 6 out of 7 indices).

Table 9 displays the top 25 mining types associated 
with the highest risks for each year. It is evident that a 
significant proportion of underground coal mines exhibit 
higher risks compared to other mining types. The sum-
mary indicates that on average, 16 out of the top 25 mines 
with higher risks are coal mines.

4.2 � Validation

This study also employs clustering techniques to categorize 
the data into k clusters. Silhouette scores are used to determine 
the optimum cluster number, as displayed in Fig. 6 for the year 
2012. The Silhouette score is a useful metric for evaluating the 
quality of clustering and can help choose the optimal number 
of clusters. It measures how similar a risk index is to its own 

cluster compared to other clusters. A higher Silhouette score 
indicates better cluster separability, representing the optimal 
number of clusters. Figure 6 shows that the Silhouette score 
increases from cluster number 2 to 3, then gradually decreases 
as the cluster number increases. Therefore, the optimal cluster 
number for the 2012 data is 3, with a Silhouette score of 0.677. 
This process is repeated for each year, and the resulting cluster 
numbers are presented in Table 10.

The multivariate statistical analysis of the BIRCH cluster-
ing algorithm employs metrics including Wilks’ lambda, Pil-
lai’s trace, Hotelling-Lawley trace, and Roy’s greatest root to 
discern significant distinctions among clustered groups. For 
the 2012 dataset encompassing 714 mines, an optimal clus-
ter count of three was determined through silhouette analysis. 
Seven statistical variables (NDL IR, NFDL IR, SM, C/100, 
SS/100, O/100, and P/100) were utilized for clustering. The 
degrees of freedom for residuals and the number of independ-
ent variables stand at 7.0 and 706.0, respectively. The clus-
tering technique yields notably low p-values (< 0.05), con-
firmed by Pillai’s trace which confirms a substantial difference 
between the groups, thereby rejecting the null hypothesis. Fur-
thermore, Wilks’ lambda manifests an F-statistic of 309.31, 
resulting in a minuscule p-value (0) worthy of note. This siz-
able F-statistic underscores a significant difference among the 
groups. Pillai’s trace indicates that approximately 75.4% of 
the variance in the dependent variable is captured. Hence, the 
statistics affirm a noteworthy distinction between the clusters 
based on the BIRCH cluster labels.

Given the identified significant difference among the 
clusters, a post hoc Tukey’s HSD test was conducted to fur-
ther scrutinize the distinctions between pairs of clusters. As 
depicted in Table 11, noteworthy variances in means among 
the cluster groups are evident, with the upper and lower bounds 
instrumental in ascertaining the confidence interval, zeroing in 
on the mean disparity. The “reject” column signifies that the 
null hypothesis can be confidently rejected for all comparisons, 
underscoring a marked distinction between the groups. Analo-
gous outcomes were observed in subsequent years.

Cluster validation, encompassing MANOVA and post 
hoc analyses, has indeed demonstrated a notable distinction 
between the clustered groups. To further delineate the differ-
ences in IER between clusters, ANOVA and post hoc tests 
were executed. The ANOVA test encompasses two facets: the 
variance between clusters and the variance within clusters. 
Here, the degrees of freedom and sum of squares for inter-
cluster variance are denoted as 2.0 and 0.44, respectively. The 

Table 10   Silhouette analysis 
from 2011 to 2020

Calendar year Number of 
clusters

2011 2
2012 3
2013 2
2014 2
2015 4
2016 2
2017 2
2018 3
2019 3
2020 3

Table 11   MANOVA post 
hoc statistics for the BIRCH 
algorithm

Group 1 Group 2 Mean diff P-adj Lower Upper Reject

0 1 0.085 0 0.074 0.095 True
0 2 0.200 0 0.163 0.238 True
1 2 0.115 0 0.077 0.154 True



1705Mining, Metallurgy & Exploration (2024) 41:1693–1708	

residual component encapsulates the variation not accounted 
for by the clustering algorithm. Notably, the p-value associ-
ated with inter-cluster differences is exceedingly low, nearly 
approaching zero (4.6E − 116), firmly rejecting the null 
hypothesis. Consequently, a significant distinction in IER 
across cluster groups is evident.

Post hoc statistics were conducted following ANOVA to 
ascertain the significant mean differences in IER between 
the cluster groups (Table 12). The adjusted p-value (p-adj) 
is notably low, unequivocally rejecting the null hypothesis 
and affirming a substantial distinction between the cluster 
groups. These outcomes underscore the efficacy of the pro-
posed IER index in accurately encapsulating the informa-
tion embedded within the seven-dimensional risk indicators. 
Comparable findings were also noted in other years.

To visually depict the range of risk index for each cluster 
group in 2012, a box plot is presented in Fig. 7. This graphi-
cal representation allows for the identification of maximum 
and minimum values within each cluster group. It is evident 
from the box plot that, in comparison to the other clusters, 
cluster group 0 exhibits the widest range of risk index values.

5 � Case Study

In this section, the IER value of an underground coal mine 
is calculated. We have selected the Upper Big Branch Mine 
for this case study application. The Upper Big Branch Mine 
disaster was a catastrophic mining accident that occurred 
on April 5, 2010, in West Virginia. The explosion was 
caused by a buildup of methane gas that ignited, trigger-
ing a secondary explosion of coal dust. The mine had been 
cited numerous times for violations related to its ventilation 
systems. The accident resulted in 29 fatalities, and several 
other miners were injured. The 2010 accident at Upper Big 
Branch Mine underscored the limitations of the POV sys-
tem. Consequently, MSHA identified and subjected a list of 
high-risk underground coal mines to intensified inspections 
in response to the incident.

To showcase the effectiveness of the EIR, a comparative 
analysis was conducted between the EWR index and the 
proposed IER index for the Upper Big Branch coal mine 
leading up to the time of the accident. Table 13 displays the 
weights computed from 2006 to 2011 utilizing the entropy-
based approach. The weights from 2006 to 2011 show very 
similar trend as we observed before with SM, NFDL IR, and 

NDL IR are the most contributing factors, and penalty and 
citations are the least contributing factors.

Table 14 presents the IER index values alongside cor-
responding EWR index values for the study mine during 
that period, along with their EOV and OV threshold values. 
Both the IER and EWR indices show an increasing trend of 
risk index values for the Upper Big Branch mine from 2006 
to 2011, indicating an escalating level of risk for this mine. 
This trend is clear evidence that there were safety issues in 
the mining operation as far back as 2006. Although the risk 
index values for both IER and EWR from 2006 to 2008 are 
below the EOV and OV limits, the increasing trend over 
these years indicates emerging safety concerns (Fig. 8).

In 2009, the year before the disaster, the IER index value 
crossed the OV threshold, classifying the Upper Big Branch 
mine as a high-risk mine. Unfortunately, the EWR index 
failed to capture this risk. In 2011, just after the disaster, 
both the IER and EWR index values showed very high 
scores, crossing the EOV threshold and categorizing this 
mine as a very high-risk mine. It was also observed that 
while the IER index value dropped in 2009 compared to 
the previous year, the EOV and OV values also dropped 
significantly from the previous year. This result reveals that 
solely looking at the index values does not provide a com-
prehensive insight into the risk unless they are compared 
with a reference, in this case, the EOV and OV thresholds.

Table 12   Post hoc statistics for 
ERI from different clusters

Group 1 Group 2 Mean diff P-adj Lower Upper Reject

0 1 0.059 0 0.051 0.068 True
0 2 0.320 0 0.288 0.352 True
1 2 0.261 0 0.228 0.294 True

Fig. 7   Box plot for IER index based on cluster labels in 2012 under-
ground mines
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6 � Conclusions and Future Work

The study proposed a new risk index (IER) that combines 
multiple indices. The proposed index was calculated using 
a linear weighted method, where the weights are obtained 
through the information entropy approach. The IER was 
validated by establishing and validating a risk index using 
clustering algorithms and rigorous statistical methodologies. 
To understand the risk levels of mines, two threshold values, 
EOV and OV, were utilized. The IER index was compared 
with the EWR index to demonstrate the effectiveness of the 
proposed risk index. Finally, the risk index for the Upper 
Big Branch mine was calculated from 2006 to 2011 and 
compared with the EOV and OV thresholds to assess the 
mine’s risk level. The following conclusions can be drawn 
from the proposed research:

(a)	 All individual indices used for the IER index calcula-
tions show a very skewed frequency distribution with 

a long right tail. This is a common phenomenon in risk 
and reliability data where very few samples fall near 
the extreme right of the distribution.

(b)	 The IER preserves the shape and standardized disper-
sion of frequency distributions of all seven-dimensional 
indices, making it a suitable tool for evaluating mining 
risk.

(c)	 Although, theoretically, the IER should lie between 0 
and 1, it is unlikely to see very high values of IER. 
Mining companies can observe the trend of the IER 
over the years to understand their risk behavior. While 
an increasing trend of the IER index can be a concern, 
companies need to utilize threshold values like EOV 
and OV to understand where they stand in terms of risk.

(d)	 Application of IER and EWR for the Upper Big Branch 
mine shows that the mine had an increasing risk index 
value from 2006. In 2009, the IER crossed the OV 
threshold, categorizing it as a high-risk mine. The 

Table 13   Entropy-based 
weights from 2006 to 2011

CAL YR Number of 
samples

P/100 IH NDL IR NFDL IR SM C/100 IH SS/100 IH O/100 IH

2006 779 0.054 0.263 0.297 0.279 0.010 0.023 0.076
2007 743 0.101 0.181 0.367 0.157 0.020 0.045 0.139
2008 800 0.104 0.274 0.166 0.223 0.020 0.046 0.167
2009 757 0.038 0.276 0.280 0.308 0.008 0.018 0.073
2010 707 0.095 0.246 0.180 0.231 0.019 0.049 0.180
2011 732 0.044 0.291 0.289 0.281 0.008 0.019 0.068

Table 14   IER and EWR 
indices, their EOV and OV 
threshold values from 2006 to 
2011 for the Upper Big Branch 
mine

Risk Index EOV threshold OV threshold

IER EWR IER EWR IER EWR

2006 0.012 0.045 0.025 0.144 0.016 0.097
2007 0.030 0.075 0.112 0.206 0.073 0.140
2008 0.034 0.074 0.105 0.254 0.070 0.173
2009 0.020 0.131 0.028 0.248 0.019 0.169
2010 0.072 0.137 0.151 0.366 0.100 0.249
2011 0.071 0.256 0.024 0.159 0.016 0.107

Fig. 8   The risk index: a IER 
and b EWR and their associ-
ated EOV and OV values from 
2006 to 2011 for the Upper Big 
Branch coal mine
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EWR index failed to capture the risk of the mine before 
the year of the disaster.

(e)	 The EOV and OV, along with the IER, can be effective 
tools for identifying high-risk mines, but they cannot 
categorize mines into different risk levels. A better 
thresholding approach needs to be developed to cat-
egorize mines into different risk levels.

This paper demonstrates how mining companies can uti-
lize the tool to observe their risk levels, but the research 
has limitations. The indices used for IER calculation do 
not directly consider fatalities. A suitable index would be 
required to incorporate fatality information into the risk 
assessment. Moreover, the IER can only be calculated 
when all these data are available, so it can only be used 
for historical risk assessment. An effective risk forecasting 
tool is needed to evaluate future risks in mining operations. 
Finally, a better thresholding approach needs to be developed 
to understand the risk levels of a mine.
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