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ABSTRACT

Dynamic coal failure events remain a safety concern in
underground coal mining due to their sudden nature
and high fatality rate. Previous research utilized Principal
Component Analysis on field samples revealing strong
empirical correlations between positive failure history and
low sulfur content (S) and high volatile matter (VM).
Further studies indicated that bumping coals tend to be
less mature and less well-cleated than non-failure coals.
However, these in situ studies faced the challenge of distin-
guishing intrinsic coal properties from external geological
and stress-related influences. This study augments previous
findings through laboratory experimental testing of coal
samples that included unconfined compressive strength,
chemical composition analysis, and qualitative observations
on cleating, combined with compositional data analysis
and machine learning techniques, to isolate and understand
coal’s inherent bursting capacity. These results further con-
firmed the relationship between coal chemistry and failure
classification.

INTRODUCTION

Dynamic failures, or “bumps,” are a category of ground
failure occurring in underground coal mines that involve
the sudden expulsion of coal and rock debris into a work-
ing area of an active mine. They are an imperative safety
concern for the global coal industry. Dynamic failure
events have occurred in nearly every coal mining nation of
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the world, and there have been an estimated greater than
30,000 fatalities as the result of dynamic failure events
globally (Bodziony and Lama, 1996; Kidybinski, 2011).
Kidybinski (2011) describes them as “the most dangerous
natural phenomenon creating a threat to life and health of
miners working in hard coal mines.”

In the United States, dynamic failures are significantly
less common than in many other coal mining countries.
However, when they do occur, they result in a proportion-
ately extremely high rate of accidents and fatality, with
more than 60% of cases reported to the Mining Safety and
Health Administration (MSHA) resulting in worker injury
up to and including death (MSHA, no date). The driving
mechanisms behind these events are not yet fully under-
stood. Research aimed at optimizing pillar design and min-
ing practices has resulted in a significant decrease in dynamic
failure occurrence over the past three decades. However,
events continue to occur, and new research focused on engi-
neering controls has failed to yield continued, measurable
results. It is likely that to produce a further reduction in
the rates of dynamic failure accident occurrence, novel lines
of inquiry must be pursued. Recent research performed by
the National Institute of Occupational Safety and Health
(NIOSH), Spokane Mining Research Division (SMRD)
has sought to address this need through a focus on the com-
plex interaction between mining induced stressors and risks
innate to the host rock mass through improved incorpora-
tion of geologic variables into hazard assessment.




Background

Specifically, recent studies have focused on the composi-
tional attributes of coal that correlate with a reportable
history of dynamic failure event occurrences in the United
States (Lawson, Weakley and Miller, 2016; Berry, Warren
and Hanson, 2019; Lawson, 2020; Lawson and Hanson,
2021; Hanson and Lawson, 2023). A dynamic failure event
is reportable if it results in worker injury, impairs ventila-
tion, impedes passage, disrupts regular mining activity for
one hour or more, or results in worker entrapment for a
period of 30 minutes or greater, per the Code of Federal
Regulations, Part 30 (30 CFR), subsections 50.2 and 50.10.
Key findings from these studies indicate that within the
United States, coals prone to dynamic failure fall into two
categories: 1) Those that are relatively thermally mature,
and 2) those that are relatively immature.

Figure 1 (Lawson, 2020) illustrates how coal data from
the Pennsylvania State Coal Sample Databank (PSCSD),
which has been cross-referenced with MSHA accident
reports, plots on a Van Krevelen diagram. This figure shows
that there are two distinct clusters of dynamic failure prone
coals: 1) close to the axis origin, and 2) another, larger
group falling further from the axis in an arc. This suggests
that, within the sample set considered, coals with a history
of reportable dynamic failure tend to be thermally imma-
ture, but that a second, smaller set of samples have experi-
enced dynamic failure at higher maturity, and these cases
show evidence of internal gas pressure as a contributing risk
factor (Lawson, 2019).

MSHA Accident Narratives associated with these
reports suggest that high-maturity coals in this group expe-
rienced failure in which there was a significant internal gas
pressure component, while less mature coals experienced
failure types associated with unfavorable stress concentra-
tions and/or association with geologically hazardous condi-
tions. This is intuitive; Agapito and Goodrich (2000) note a
correlation between cleat development and dynamic failure
occurrence in western U.S. coals. Coals with poorly devel-
oped cleating are more capable of storing large amounts
of potential energy, which can then be released kinetically
in the form of a dynamic failure event. Conversely, well-
developed cleating allows for ready planes of failure such
that coal pillars may fail gradually, rather than explosively.
As cleat development is a function of catagenic processes
during coalification, it is then unsurprising that most U.S.
coals that have a history of reportable dynamic failure are
thermally immature.

The most consistent compositional attribute of
dynamic failure prone coals, however, was a gross sulfur
content of less than 1%. In most cases with a history of
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Figure 1. Coal sample records from the PSCSD

dynamic failure, compositional sulfur (measured in weight
percent by volume, moisture-ash-free basis) was much less
than 1%, with an average value of only 0.71%. This correla-
tion, moreover, was consistent among both the high-matu-
rity and low-maturity dynamic failure groups. Hanson and
Lawson (2023) performed a Recursive Feature Elimination
with Cross Validation (RFECV) to identify those composi-
tional attributes that most closely correlate with a positive
history of MSHA-reportable dynamic failure phenomena.
A RFECV will assign a rank to each attribute based upon
the number of times the algorithm selected it as a good
indicator of dynamic failure history. The RFECV was
performed using eighty-six coal sample records from the
PSCSD that were established to have experience MSHA-
reportable dynamic failure events after 1983, and a series
of randomly selected eighty-six coal records from the coals
that have not experienced reportable dynamic failure, to
serve as control dataset. Out of three thousand trials, low
sulfur content was assigned Rank 1 in 100% of trials. These
results corroborate the findings of Lawson, Weakley and
Miller (2016) and Berry, Warren and Hanson (2019) that
also suggest a very strong correlation between dynamic fail-
ure event occurrence and low-sulfur content (Table 1).
The correlation between low-sulfur content and
dynamic failure event occurrence raises questions, most
notably in terms of how this may contribute to failure
mechanistically. Sulfur content has not been cited in any of
the preceding literature as a contributor to dynamic failure
occurrence, and the mechanism(s) behind this phenome-
non remains elusive. One possibility may be that low sulfur




Table 1. Relative abundance of rank 1 feature assignment
out of 3,000 trials using recursive feature elimination with
cross validation (RFECV) analysis

Feature %

Sulfur 100
Oxygen 91.3
Volatile Matter 72.6
Ash 62.6

content serves as a geochemical proxy for known dynamic
failure risk factors. Specifically, low sulfur content has been
linked with inland depositional settings which may, in
theory, have higher frequencies and greater thicknesses of
paleochannels and strong sandstone members in the mine
roof. These have been associated with bridging effects and
unanticipated distributions of stress in the mine workings
(Rice, 1935; Holland and Thomas, 1954; lannachione and
Zelanko, 1995; Agapito and Goodrich, 2000; Whyatt,
2008; Whyatt and Varley, 2010; Mark and Gauna, 2016;
Lawson et al., 2017). Successful mine design in sedimen-
tary deposits lies not in preventing failure of the rock mass,
but rather in strategically controlling it, such that mining-
induced stresses can be shifted and anticipated to maintain
maximum, albeit temporary, stability. This requires what is
referred to in mining vernacular as “good caving”. A “good
cave” will be tight behind the longwall shields or pillar line.
Moreover, proximity of the stiff unit to the coal mine roof
has been linked to increased risk, such that increasing dis-
tance corresponds to decreased risk as the bridging effect
produced by poor caving is more effectively dispersed in the
overlying rock mass (Lawson et al., 2017).

Ultimately, however, failure results from a combination
of factors, although the precise balance of risk associated
with any particular failure may vary from mine to mine,
and even between locations within a single mine. Vardar
et al. (2018) state that dynamic failure events occur when
the bearing capacity of coal is abruptly exceeded in a stress
setting of sufficient magnitude to generate violent failure as
the result of some triggering event. In the absence of labora-
tory studies to augment observations derived from in situ
failure, the influence of the mining environment cannot be
extricated from failure mechanics innate to the coal itself.
This then points to the need for laboratory studies in which
dynamic failure is simulated under controlled conditions in
an array of coal samples with known, diverse compositions.
Toward this end, a series of laboratory tests were conducted
whose results were then analyzed using a machine learn-
ing (ML) approach to determine which compositional and
physical attributes of the coal were most closely associated

with a sample’s tendency to fail, either gradually or explo-
sively, under controlled conditions.

LABORATORY EXPERIMENTAL
PROCEDURES

An experiment was designed to simulate dynamic failure in
coal samples with diverse compositions under laboratory-
controlled conditions at the SMRD. Samples were acquired
from multiple sources, and subject to different sample han-
dling procedures following initial collection which did not
uniformly include wrapping to prevent degassing. Because
of this, methane desorption during testing could not be
included in tested variables. Cleat spacing was mapped and
descriptive information such as the presence of second-
ary mineralization was collected prior to sample testing.
Dynamic load was simulated under consistent conditions.
All load tests conducted in this work were performed in
uniaxial compression using an 890 kN (200,000 Ibf)
stiff frame, servo-controlled test machine (Tinius Olsen
1000SL). The sampling rate was 1000 samples/sec and
the accuracy of the machine is + 0.1% (1.8 N/0.4 Ibf) of
the indicated load from 0.2% (1.78 kN/400 Ibf) to 100%
(890 kN/200,000 Ibf) of the frame capacity. All samples
were preloaded to 890 N (200 Ibf) and tests were per-
formed at a constant deformation rate of 12.7 pm/sec
(0.0005 in/sec).

A total of 36 tests were completed. Due to challenges
in preparing consistent cores from available coal samples,
four cylindrical diameters were prepared. These were
3.8 cm (average height 4.9 cm), 4.1 cm (average height 6.1
cm), 5.4 cm (average height 9.4 cm), and 7.5 cm (aver-
age height 9.2 cm). In addition, five cubic samples were
prepared. These samples ranged from 5.3 cm to 7.9 cm on
a side. To avoid error in measuring unconfined compres-
sive strength (UCS) due to stress concentrations within test
samples, ASTM standards require sample surfaces be plane
to within 0.005 cm (0.002 inch) and deviation of sample
vertical axis is less than 0.50. All samples tested were pre-
pared to this standard. Figure 2 shows a characteristic cylin-
drical sample prior to testing. During testing both load and
axial deformation were monitored and recorded, allowing
stress-strain curves to be constructed.

Quantifying the degree of bursting behavior was one
of the challenges encountered during the testing procedure.
An attempt was made to quantify the energy of failure
using several simultaneous lines of investigation. A major
objective of this series of tests was to examine a wide variety
of properties simultaneously and determine if there were
correlations between these properties and the failure mode
of the sample that provided a characteristic measure of coal
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Figure 2. Photograph of test apparatus prior to a uniaxial
compression test. The clock shown provided a time reference
for optical and infrared (IR) videos. The grid in the
background consisted of 2.54 cm (one inch) squares that
allowed computation of debris velocity

instability under loading. The secant modulus of elasticity
was computed using platen displacement, sample height,
and load at 50% peak strength (Obert, 1973). The sample
temporal load history and platen displacement were col-
lected and recorded by the internal Tinnius Olsen software.
The UCS was defined as the maximum load attained dur-
ing a test. Numerous works have examined the manifesta-
tion of elastic strain energy during testing as a measure of
burst propensity. These have included Kidybinski (1981),
Li et al. (2017), and Akdag et al. (2021). To examine this
parameter and correlate it with other measured quantities,
both the dissipated elastic energy and effective elastic strain
energy release rate (EESERR) as defined by Lu et al. (2019)
were computed.

In addition to the load and deformation, high speed
optical videos were made with a Photron Mini camera
using a frame rate of 250 frames/sec. These videos were
used to find the velocity of particles ejected during tests.
Akdag et al. (2021) and Akdag et al. (2018) state that the
potential intensity of a burst can be quantitatively related to
the ejection velocity of debris. Using the 2.54 c¢m (1 inch)
grid present at the rear of the test frame as a distance scale
(Figure 2), an estimate of velocity was computed. In addi-
tion to optical images, infrared images were collected with
a FLIR 300 camera at 15 frames/second (fps). This camera
is normally used in optical gas imaging (OGI) and that was
the original intention here. However, no gas could be iden-
tified and so the videos were used to image infrared varia-
tions during loading and failure. This camera is designed
to image absorption from hydrocarbons (such as methane)
and operates at 3.2 to 3.4 micron wavelength. This is in

Table 2. Elemental Variables collected from simulated
dynamic failure test debris and associated ASTM standards

Unit of
ASTM Standard Variable Measure
D 3302, 3173 Total moisture wt. %
D 3174 Ash wt. %
D 3175 Volatile matter wt. %
D 4239 Total sulfur wt. %
D 2492M Pyritic sulfur wt. %
D 2492M Sulfate sulfur wt. %
D 2492M Organic sulfur wt. %
D 5865 Gross calorific value Btu/lb
D 5865 Net calorific value wt. %
D 5373 Carbon wt. %
D 5373 Hydrogen wt. %
D 5373 Nitrogen wt. %
Calculation Oxygen wt. %

contrast to wider band cameras used in other works that
report a sensitivity between 7 and 14 microns.

All samples were tested to failure, defined by either the
sample disintegrating or plastic post-peak behavior. At the
conclusion of each test, debris was carefully collected and
saved for later analysis. This included both a measure of
the size fraction of the particles and a geochemical analysis.
Sample debris was collected into clean containers for later
testing and the test apparatus platens were cleaned using
methanol between tests. Sample debris was then tested for
composition through proximate and ultimate analysis, and
petrographic microscopic analysis. Petrographic analysis
was completed using 500-point maceral counts under oil
immersion. Data collected and associated standards regard-
ing proximate and ultimate analysis are listed in Table 2.

However, all approaches used to quantify bursting
behavior failed to yield a consistent and repeatable method
for assessing the degree to which any given sample failed
dynamically. Instead, it was observed that total failure of
a sample was achieved through multiple discrete bursting
events, each with its own measurable load drop and resul-
tantstrain, and the cumulative effect of these did not capture
the quality of explosive failure in a way usable for the pur-
poses of this study. This highlights the difficulty in measur-
ing burst proneness of coals. Consequently, test results were
binned into one of two qualitative designations: “Crushed”
or “Burst”. “Crushed” samples were those in which the bulk
of the sample failed non-explosively, although failure may
have been preceded by high-velocity ejections of small sam-
ple particles. “Burst” samples were those in which the entire
sample failed energetically, through one or more bursting
events involving the high-speed ejection of material. These
categories of failure were visually distinct, with no overlap




or instances of ambiguity. The body of data generated by
multiple lines of synchronous investigation remain avail-
able for future work.

DATA ANALYSIS
Data Preparation and Organization

Specific data preparation and organization were conducted
to ensure the coal geochemical dataset was suitable for
unsupervised multivariate statistical analysis and supervised
ML. The coal geochemical dataset comprised the follow-
ing compositional data: oxygen (O), carbon (C), nitrogen
(N), hydrogen (H), sulfate sulfur (SS), pyritic sulfur (PS),
and organic sulfur (OS), with total moisture, ash con-
tent, vitrinite reflectance, and cleat spacing. The dataset
was labeled with target variable classifications of ‘Burst’ or
‘Crushed’ indicating how the coal failed during the UCS
experiments, providing the basis for predictive analysis.
No missing data or detection limit issues were identi-
fied in the geochemical data, so imputation or detection
limit handling was unnecessary. However, certain calcula-
tions were performed to complete sub-compositions, such
as determining the pyritic sulfur component of the total
sulfur content. All data analysis, preparation, and model-
ing in this study were conducted using the Python (Van
Rossum and Drake 2009) programming language.

Data Preprocessing

Before applying statistical and ML models, several pre-
processing steps were undertaken to ensure data integrity
and consistency across analyses for the predictor and tar-
get variables: a center-log ratio transformation (CLR) to
address statistical issues inherent in compositional datasets
and scaling to address any large differences in magnitude
between features. These preprocessing steps are discussed in
the following sections.

Compositional Data Analysis

Traditional statistical methods cannot be directly applied to
compositional data, such as bulk rock chemistry, due to the
inherent dependencies between the variables because com-
positional data represents proportions of a whole (Aitchison
1986). These dependencies create a closed dataset structure,
where all points lie within a constrained simplex. If left
uncorrected, these interdependencies can lead to spurious
correlations and invalid statistical inferences. To address
this issue, compositional data were transformed into real
space using the CLR transformation (Aitchison 1986 and
Egozcue et al. 2011). The CLR transformation ensures that
the data is “opened” into an unconstrained space, allow-
ing the application of standard multivariate statistical

techniques such as principal component analysis (PCA).
This processing transformation is necessary for properly
analyzing and interpreting the relationships between the
geochemical variables.

Scaling

Scaling is a critical step in preparing the data for analysis,
especially for ML models that can be sensitive to variations
in magnitude across different features (Bishop 2006; Han
et al. 2011). Two distinct scaling methods were applied:
(1) For descriptive analytics, scaling was performed on the
entire dataset to normalize feature values for exploratory
analysis, and (2) For predictive analytics, scaling was incor-
porated within the model pipeline. The scaler was fit on the
training data and then applied to the test data during cross-
validation (CV), ensuring that scaling did not lead to infor-
mation leakage or overfitting (Stone 1974; Hastie 2001).

Machine Learning Techniques

ML techniques were applied in this study for two differ-
ent objectives: 1) unsupervised ML used for dimension-
ality reduction and feature extraction, and 2) supervised
ML used for predicting coal behavior as either ‘Burst’ or
‘Crushed’. ML was used because it provides a suite of tools
ideal for elucidating complex relationships between vari-
ables, assisting with feature engineering to transform or
create new variables which capture more value, and to gen-
eralize a relationship based on the chosen variables to make
predictions.

Principal Component Analysis

PCA was used to explore relationships within the dataset by
reducing its dimensionality while preserving statistical vari-
ance (Pearson 1901; Greenacre 2022). PCA generates prin-
cipal components (PCs), which are linear transformations
of the original variables that maximize variance and are
uncorrelated, aiding in feature selection and interpretation.
Each PC is a linear combination of the original variables,
with eigenvectors representing directions of maximum vari-
ance. Factor loadings, indicating the correlation between
variables and PCs, reveal each variable’s contribution to the
overall variance structure.

Biplots visualize the relationships between two PCs
(typically just the first three to four PCs are visualized as
that represents a large proportion of dataset variance),
displaying transformed sample scores as points and fac-
tor loadings as vectors, illustrating variable contributions
and dataset variance (Gabriel 1971; Greenacre 2010). The
variance explained by each component is indicated on the
biplot axes to help interpret the amount of information




captured by the graphed components. Additional informa-
tion not directly used in the PCA, such as the categori-
cal variable representing ‘Burst’ or ‘Crushed’, was overlain
onto biplots. This allows for the interpretation of the rela-
tionship between these variables and the underlying high-
dimensional geochemical data. The overlain data helps to
visually assess how target variables and other meta data
interact with the PCs and overall variance structure.

Supervised Learning: Predictive Modeling

Multiple supervised ML methods were applied in this study
to predict coal seam burst risk, which are described in the
sections that follow.

Decision Trees

A non-parametric decision tree (DT) algorithm, chosen for
its flexibility in handling non-linear relationships without
requiring assumptions about data distribution, was used as
a first approach to predicting burst proneness. DTs parti-
tion the dataset iteratively, aiming to minimize misclassifi-
cation using the Gini index to measure subset homogeneity
(Breiman et al., 2017). For instance, partitions may be
defined by a threshold concentration of an analyte (e.g., SS
> 5 wt.%), generating decision rules for classifying bursts.
Various iterations of the decision tree model were tested,
incorporating different input data streams such as:

* Geochemical data alone

* Geochemical data combined with categorical vari-
ables (e.g., cleating, vitrinite reflectance)

* Categorical data alone

This workflow allowed the impact of each variable and
variable type to be evaluated and determine which variable
combination best captured patterns related to coal seam
bursts, a precursor to demonstrating predictability.

Despite their advantages, DTs can overfit the training
data, especially when training on a dataset with noisy (e.g.,
highly variable) data or numerous features, leading to poor
generalization. Small changes in input data can also result
in significant variations in the tree structure. Although
DTs are often considered interpretable, their complexity
can make it difficult to generalize decision rules, and their
output must be interpreted carefully, particularly with wide
(high-dimensional) datasets.

Logistic Regression

For descriptive analytics, a parametric approach was uti-
lized to further explore the relationships between geo-
chemical features and the target classification. Due to the
relatively small dataset and the complexity of the underlying

relationships, logistic regression was selected as a suitable
method for descriptive analysis. Logistic regression is highly
interpretable and robust for small datasets, making it ideal
for understanding the key potential predictor variables of
the target variable (Cox 1958; Pregibon 1981; Menard
2002; Hosmer & Lemeshow 2000; Harrell 2015).

The logistic regression model maps the log-odds of an
event (i.e., coal seam burst) as a linear combination of the
predictor variables. The model applies a sigmoidal “logis-
tic” function to convert the linear output into probabilities,
bounded between 0 and 1. The model’s coefficients indicate
the magnitude and direction of the effect of each predic-
tor on the target variable, while statistical measures such as
p-values assess the significance of these relationships (Cox
1958). The logistic regression model was trained using the
Newton-Raphson optimization method, which iteratively
minimizes the loss function to achieve the best fit for the
data.

RESULTS
Unsupervised Learning
Principal Component Analysis

PCA results revealed approximately 75% of the total vari-
ance in the system can be explained by the first two princi-
pal components (PC1 and PC2), representing 52.7% and
22.3% of the explained variance, respectively, as shown
in Figure 3. PC3 contributed an additional 12.3% of the
variance, bringing the total variance explained by the first
three components to nearly 87%. The fact that 87% of the
variance is explained by the first three components is sig-
nificant because it indicates most of the complex, multidi-
mensional relationships within the dataset can be captured
and interpreted through a highly reduced set of variables.
This reduction in dimensionality enables clearer visualiza-
tion of the key correlated groups of parameters and their
relationships to burst proneness while retaining most of the
information needed for subsequent analysis. It lends cred-
ibility to relationships observed on the biplot, facilitating
optimal construction of supervised learning models.

Pyritic sulfur and sulfate sulfur factor loadings
(Figure 3) are positively aligned with PC1 and exhibit high
variance and are inversely related to other variables such
as total moisture, hydrogen, carbon, nitrogen, and oxygen.
Both biplots suggest that sulfur content in the coal has an
opposing relationship to other primary coal chemical con-
stituents. Additionally, sulfate and pyritic sulfur appeared
to be collinear, while organic sulfur was obliquely aligned
with PC2, further suggesting that sulfur speciation in coal
is a potentially important differentiator of coal types with
respect to mechanical behavior.
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Figure 3. PCA Biplot of Coal Composition. PC1 and PC2 (left) and PC1 and PC3 (right) for all variables. TM. total
moisture, O. oxygen, A. ash, SS. sulfate sulfur, PS. pyritic sulfur, OS. organic sulfur, N. nitrogen, C. carbon, and

H. hydrogen

Variables such as total moisture, oxygen, hydrogen,
carbon, and nitrogen clustered together away from sulfur
components, indicating a close association between these
variables. Ash, on the other hand, was uncorrelated with
the other variables, suggesting it behaves independently
within the compositional dataset.

Samples classified as ‘burst’ exhibited clear clustering
within the PCA space, separating well along PC1 and PC2
and forming a tight grouping near the origin. Conversely,
crushed samples spread outward along both PC1 and
PC2, indicating more heterogeneous variation in chem-
istry. Comparing PC1 and PC3 shows a similar, though
less distinct, pattern, suggesting that the first two princi-
pal components capture most of the separation between

burst and crushed samples. Overall, the PCA indicates that

the burst—crushed separation is well-expressed in the data,
suggesting that these variables are suitable for descriptive
modeling.

Cleating Analysis Using Decision Trees

The degree of cleat development of coal seams was analyzed
using decision tree models to explore its relationship to
crush and burst events (Figures 4 and 5). DT models effec-
tively captured the relationships between cleating and the
likelihood of bursting, confirming that the quality of cleats
plays a role in these outcomes. Poor cleating was strongly
tied to bursting events, with 6 of the 14 bursting events
occurring in “Very poorly cleated” samples and another 2
of the 14 being “Poorly cleated”. Despite these relatively
strong relationships, cleating was considered a poor metric
for determining bursting because the qualitative nature of




Very poorly cleated

| =
2
Y
3

9 Poorly cleated - 2
s
et
o
@
o
g

% Moderately cleated - 2
£
©
=5
o

Well developed - 4

1

burst crushed

result

Figure 4. Correlation analysis between the cleating description and the target variable

Qualitative cleat description:
Well developed <= 0.5
gini = 0.499
samples = 21
value = [10, 11]
class = crushed

True

Qualitative cleat description:
Moderately cleated <= 0.5

gini = 0.375

gini= 0473 samples = 8
samples = 13 value = [2, 6]
value = [8, 5] class = crushed
class = burst

Qualitative cleat description:
Poorly cleated <= 0.5

gini = 0.375

gini = 0.346 samples = 4
samples = 9 value = [1, 3]
value = [7, 2] class = crushed
class = burst

gini = 0.375
samples = 8
value = [6, 2]
class = burst

Figure 5. Decision tree diagram classifying samples into crushed or burst classes depending on cleating




the visual observations that lack the quantitative definition
needed for its inclusion in rigorous statistics.

Supervised Learning
Compositional Tree Models

Tree-based models were also constructed to explore the
relationships between the compositional data and coal
seam failure classification (i.e., ‘Burst’ or ‘Crushed’). The
complex clustering relationships seen in Figure 3 are ide-
ally predicted using a non-parametric tree model. DTs were
employed to predict ‘Burst’ or ‘Crushed’ behavior from
coal chemistry and generally performed well on the entire
dataset. However, given the inherent complexity of the
geochemical relationships and the relatively limited size of
the dataset, the models struggled to generalize across mul-
tiple data splits. Specifically, during CV procedures such
as k-fold and train-test splits, the models exhibited high
variance and were unable to consistently pass validation test
metrics. This suggests that while tree-based methods have
predictive value and hold potential for predicting burst
and crush events, the current dataset lacks the volume and
diversity needed to build a robust, reliable model capable of
performing well across unseen data.

As a result, efforts were further focused on more inter-
pretable models and techniques, such as logistic regression
and descriptive statistics. Instead of prioritizing predictive

modeling, the full dataset was leveraged to explore relation-
ships between the input and target variables. This approach
extracted meaningful insights without the limitations
imposed by model validation requirements (e.g., CV).

Logistic Regression
A logistic regression model was developed to assess the
influence of coal composition on the likelihood of coal
seam failure being classified as ‘Burst’ or ‘Crushed’. An
initial model with each analyte included was built and
produced good performance metrics, with a high receiver
operating characteristic-area under the curve (ROC-AUC)
and pseudo—Rz. However, none of the coefficients were sta-
tistically significant at 5%, with p-values >0.05 (Table 3).
To identify coefficients of significance, a stepwise regression
approach, informed by domain expertise and exploratory
data analysis, was employed to select a subset of the analytes
for inclusion in the model. The final model included total
moisture, sulfate sulfur, organic sulfur, and carbon as input
variables. All coeflicients were statistically significant at the
5% level (Table 4), indicating their strong influence on the
bursting versus crushing classification. Additionally, model
predictions are acceptable as shown in the ROC-AUC curve
and the confusion matrix (Figures 6 and 7, respectively)

In the logistic regression model, a positive coeffi-
cient for a given feature indicated an increased likelihood

Table 3. Logistic regression results for model with all quantitative variables

Variable Coefficient Standard Error P-Value
Total Moisture 1.328 1.052 0.207
Ash 0.203 0.893 0.820
Pyritic Sulfur -0.125 0.882 0.888
Sulfate Sulfur -1.298 0.908 0.153
Organic Sulfur 1.836 0.980 0.061
Carbon -1.563 2.235 0.484
Hydrogen 0.188 1.345 0.889
Nitrogen 0.165 2.723 0.952
Oxygen 0.405 1.097 0.711
Intercept -0.151 0.438 0.731

Note: each variable is the CLR—transformed version

Table 4. Logistic regression results for model with statistically significant variables

Variable Coefficient Standard Error P-Value
Total Moisture 2.4001 0.967 0.013
Sulfate Sulfur —2.4766 1.041 0.017
Organic Sulfur 3.0487 1.321 0.021
Carbon -3.0565 1.17 0.009
Intercept —-0.2935 0.507 0.562

Note: each variable is the CLR-transformed version
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of bursting. Total moisture and organic sulfur were both
positively associated with ‘Burst’, while other variables
were more closely tied to ‘Crush’ classifications. Despite
the complexity of the relationships, the logistic regression
model performed well in distinguishing the two outcomes.

Opverall, the logistic regression model confirmed a sta-
tistically significant relationship between coal chemistry
and the ‘Burst/’Crush’ classification, providing valuable
insights into the role of chemical composition in coal seam

stability.
DISCUSSION AND CONCLUSIONS

PCA analysis indicates that there is clear clustering of
‘Burst’ samples within the PCA space, suggesting that
samples innately prone to ‘Burst’ behavior share similar
compositional features as defined by the variables in the
retained dataset. In short, this validates that ‘Burst’ behav-
ior is influenced to some degree by compositional controls,
regardless of other risk factors associated with the mining
environment.

Analysis of cleating using an unsupervised learning DT
approach indicated that coal samples that exhibited poor
or very poor cleat development were more prone to ‘Burst’
behavior than coal samples with more well-developed cleat.
This echoes observation made by Agapito et al., (2000) that
poorly developed cleat is associated with dynamic failure
events in coals in the United States. However, in terms of
practical application, this observation may be somewhat
limited as widescale mapping of cleat in coal mines may be
impractical and subject to localized variability.

Logistic regression results further support this finding,
through the strong anticorrelation of carbon with ‘Burst’
behavior. Put more simply, coals with higher compositional
percentages of carbon are less likely to exhibit ‘Burst’ behav-
ior. Compositional proportions of carbon increase with
increased thermal maturity as hydrogen and oxygen are
expelled as liquid and gaseous hydrocarbons. This corrobo-
rates the findings of previous studies drawing correlations
between bursting behavior and low vitrinite reflectance val-
ues. Further, Laubach et al. (1998) and others have demon-
strated repeated correlation of carbon content with degree
of cleat development, such that, in the absence of anneal-
ing of cleat apertures through secondary mineralization or
alteration of the coal fabric, it can be considered a reason-
able quantitative proxy for cleat spacing.

Logistic regression results also indicate anticorrelation
between sulfate sulfur and burst proneness and positive
correlation between organic sulfur and induced burst-
ing behavior. No strong relationship was determined for

sulfide sulfur.

This has several implications:

* 'The first is the importance of sulfur speciation when
considering sulfur content in the context of dynamic
failure. This is also supported by PCA, which indi-
cated that pyritic and sulfate sulfur were colinear in
the PCA space, while organic sulfur was obliquely
oriented. However, the reasons behind these appar-
ent relationships merit further investigation. Chou
(1997, 2012) and Calkins (1994) suggest that as coal
becomes more thermally mature and its carbon con-
tent increases, the thiophene fraction of organic sulfur
also increases, such that during diagenesis, organo-
sulfur compounds undergo aromatization processes
consistent with overall coal maturation processes. In
other words, sulfur bonds tend to be relatively weak
compared to other bonds typically found in organic
molecules and may serve as catalysts for increasing
aromatization in high sulfur coals. It may be possible
then that the apparent correlation between organic
sulfur and bursting behavior is a consequence of an
inverse proportion of organic sulfur to carbon, such
as organic sulfur decreases, overall carbon content
increases.

* It may also be possible, however, that the apparent
correlative and anti-correlative relationships between
both sulfate and organic sulfur, respectively, are an
artefact of the analytic approach in the absence of
other, more compositionally significant variables.
The amount of non-pyritic sulfur content in coal is
generally negligible (Calkins, 1994; Chou, 2012),
and this is true for this dataset as well. This cannot be
said of the anticorrelation established between car-
bon and induced bursting, as carbon is the primary
compositional constituent of coal.

Ash content does not appear to have a correlative relation-
ship with coal behavior outside of the mining environment.
The implication is that it is unrelated to a significant extent
to the behavior of the coal itself and is more likely to in
fact be a proxy for the depositional setting, as speculated
by Lawson and Hanson (2021). This suggests a need for
further research regarding the importance of stratigraphic
risk in facilitating in mine dynamic failure events, as geo-
chemical data suggest that deposition in sulfur-depleted
environments with little water influx may be a near req-
uisite condition for event occurrence in United States coal
seams, regardless of failure mechanism. This further sug-
gests a potential weighting of factors such that depositional
setting is much more influential on dynamic failure risk in
the United States than previously assumed, and that risk is
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also influenced to a lesser degree by degree of cleat develop-
ment, for which percent weight of carbon may be a reason-
able quantitative proxy. Further research into this area may
produce a set of compositional attributes that can be used
to predict environments at high risk for bursting behavior,
allowing for proactive mitigative action to be taken before
an accident occurs.

It is important to reiterate that these observations do
not supersede the requirements for dynamic failure occur-
rence such as high or anomalously concentrated stresses
and a triggering event. Nor do these findings imply that
coals in depositional settings other than these will not expe-
rience dynamic failure. As validated by Babcock and Bickel
(1984), most coals can be induced to bursting behavior
under sufficient stress. Additionally, Mark (2018) clearly
demonstrates that coal can experience dynamic failure in
unexpected settings and that complacency in assessing risk
is never merited. Rather, findings may suggest that coals
deposited in sulfur-depleted settings may experience a low-
ered threshold for stress required to produce a dynamic fail-
ure event, and that this threshold may be lowered further
by poor cleat development, which may in theory allow coal
to retain greater energy prior to failure.
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