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ABSTRACT Accurate assessment of accident severity and regulatory deficiencies is essential for
improving safety management and intelligent decision-making in complex industrial systems. This study
proposes an interpretable machine learning framework to evaluate the influence of regulatory variables
on coal mine accident severity by integrating data-driven prediction with SHAP-based feature attribution.
Based on grounded-theory analysis of 382 accident investigation reports, more than 800 textual statements
were condensed into 62 initial concepts, 13 secondary indicators, and five categories of regulatory
factors, including design schemes, management systems, technical documents, organizational measures,
and process methods. These variables were encoded and incorporated into Logistic Regression, C4.5,
CART, CHAID, and Random Forest models for comparative analysis. Experimental results demonstrate
that the Random Forest model achieves the best predictive performance in terms of accuracy and AUC,
while SHAP analysis provides quantitative interpretation of the contribution and interaction of regulatory
variables. The findings indicate that organizational measures, technical documentation, process methods,
and management systems are the dominant determinants of accident severity, enabling transparent
risk assessment and targeted intervention strategies. The proposed framework establishes an effective
methodology for interpretable predictive analytics, intelligent safety monitoring, and data-driven decision
support in complex engineering environments, offering valuable references for distributed sensing systems,
industrial information fusion, and intelligent monitoring architectures related to Electromagnetic Waves,
Antennas and Propagation engineering applications.

INDEX TERMS interpretable machine learning; SHAP analysis; accident severity prediction; intelligent
safety monitoring; industrial information fusion

I. INTRODUCTION

OAL remains a critical component of the global en-

ergy system and plays a substantial role in economic
development. However, coal mining involves inherent safety
risks, and recurrent mine accidents have caused severe
human and environmental losses. Against this background,
this study examines how coal mine safety regulations influ-
ence accident prevention and accident severity [1]. Safety
management literature highlights the centrality of rules and
regulations in the prevention of accidents and reduction of
their effects [2]. Nevertheless, the academic discussion has
failed to differentiate between non-compliance attributed to
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poor practice and non-compliance due to poor regulatory
systems [3]. Newer research articles like L. Wang et al
have pointed to significant impacts of regulatory systems,
safety settings, and investments on the safety of coal mines
operations[4]. Y. Zhang underlined the fact that the so-
called unsafe conditions of rules and regulations are the
most important indicators influencing the so-called unsafe
behavior of operators as well as the so-called unsafe con-
ditions of equipment and the environment [5]. Based on
these findings, Shi et al found unsafe behaviors, equipment
failure and weak management systems as the leading causes
of accidents [6]. In contrast, Laurence presented a counter-
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argument that excessively prescriptive mining regulations
could impede coming up with proper safety and health
regulations and that they should focus on performance-based
regulations based on overall duty of care [7]. Comparative
researches, including Q. Liu, have demonstrated that the
unified prescriptive system of coal mine safety control in
China might be less efficient than the more flexible system
in Australia[8]. Hopkins, despite this, noted the complemen-
tary aspect of adherence to the rules and the management
of risks, stating that none of them should be ignored in
order to prevent serious accidents in an organization [9].
Tan et al and Wu et al. suggested creating a coal mine
safety supervision system that was in accordance with
guidelines, policies and technical standards to establish a
strong framework that would constrain corporate behaviour
[10, 11]. Although these contributions have been made, the
literature has not yet provided a complete view of the role
that rules and regulations play in determining the different
factors that lead to coal mine accidents.

Given the severity of coal mine accidents, there is an
urgent need to develop effective approaches for predict-
ing accident severity under different regulatory conditions.
Conventional evaluation methods like Analytic Hierarchy
Process and Fuzzy Comprehensive Evaluation have certain
limitations when it comes to measuring complex rela-
tionships and forecasting the probability of accidents [12,
13]. The further development of artificial intelligence has
seen the increased use of machine learning algorithms like
neural networks, random forests, Bayesian networks, and
support vectors machines in the prediction of coal mine
accident risks [14-17]. As an example, Xu et al applied
machine learning to measure ground subsidence due to coal
mining and to predict the relationship between maximum
subsidence and its determinants [18]. In the same way,
Miao et al explored the indicators of risk prediction of coal
mine rock bursts and compared the predictive capability of
various algorithms at different risk levels [19]. Also, Bi et
al provided a hybrid machine learning solution to determine
the variables that influence coal mine gas emissions [20].
Taken together, the research presented in these studies shows
the usefulness of machine learning models in the prediction
of coal mine accident risks. Nevertheless, there are not many
research works that have used the SHAP algorithm in inter-
pretable machinelearning models to explain the risk factors
of coal mine accidents. The value of the SHAP approach
has been illustrated by research conducted by Ibrahim et al,
Qiu and Zhou, and Xiaoliang to explain risk factors related
to coal mine accidents [21-23]. To address this gap, this
paper will build a theoretical framework to systematically
examine the position of regulatory frameworks on coal mine
accidents and combine machine learning approaches with
the SHAP algorithm to enhance the predictive power and
interpretability of accident risk estimation. The paper offers
the fresh insight and solutions to the issue of prevention
and control of coal mine accidents. Besides, it adds to the
sustainable development of the coal sector by forecasting
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the impact of regulatory frameworks on the frequency and
level of such accidents. It is essential in enhancing coal mine
safety management and decreasing the risk of accidents.

Il. MATERIAL AND METHODS

The present research paper takes a systematic methodologi-
cal approach in studying the connection between the severity
of coal mine accidents and regulatory factors. Figure 1
shows how the whole analytical framework is structured,
starting with data preparation and containing important steps
like data transformation, feature selection, model build-
ing, and model interpretation. The first step involved the
systematic gathering of 382 case records of Chinese coal
mine accidents that were affected by regulatory factors
during the period 2012-2022. The raw data was coded and
conceptualized through grounded theory, which identified
the regulatory characteristics that impact the severity of coal
mine accidents and served as the basis of further analysis.
Then, the categorical variables were converted into Boolean
expressions to make them applicable to future modeling.
This study also used filter-based feature selection algorithms
to determine variables that are closely related to accident
severity and remove those with low association. Then,
various classification models were developed based on the
machine learning methods, such as logistic regression, C4.5
decision trees, CART decision trees, CHAID decision trees,
and random forests. Not only do these models determine
the factors that contribute to the severity of the accidents
but they also offer scientific means of prediction and risk re-
duction in the field of coal mine safety management. Lastly,
SHAP method was used to examine the interpretability of
the model further. It was possible to quantify the particular
role played by every feature in making the predictions of the
model based on the Shapley value of each feature, which
contributed to the increased transparency and credibility of
the model.

A. DATA PREPARATION

1) Selection of Indicator Characteristics

Since the academic society does not completely compre-
hend what constitutes the regulatory frameworks in the
coal mining industry, exploratory qualitative research is
necessary. Grounded theory is distinguished by a dynamic
way of collecting data compared to other qualitative research
methodologies. The study uses an exploratory approach
relying on the grounded theory to examine the raw data. To
begin with, the qualitative data contained in the raw data is
evaluated systematically, summarized, conceptualized and
classified. =~ Aftewards, the information is continuously
compared and reduced and relationships between different
concepts and categories are drawn, which eventually results
into the creation of the theoretical framework of factors
that influence them [24]. According to grounded theory, the
qualitative analysis proceeded through open coding, axial
coding, and selective coding [25]. The current research fo-
cuses on Chinese coal mine accidents associated with regu-
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FIGURE 1. Analytical framework of this study
latory deficiencies during 2012-2022. Accident severity and TABLE 1. Description of Variables
fatalities were analyzed using annual investigation reports
issued by national and provincial mine safety supervision Varizble type Category Variable name Operational coding - Range  of
agencies. Through open coding, more than 800 textual state- [mplicit variable  — Whether or not major ca-  — o1
ments and their associated concepts were initially identified. Independent vari-  Accident Ve - 20122022
. . abl ccurrence
After screening and synthesis, these statements were con- ‘ e Seson . o
. e e, . . egions - -
densed into 62 initial concepts and 13 secondary indicators. Design scheme No formal desgn scheme  Use only when  0-1
. . . . N the accident report
During selective coding, the 13 secondary indicators were explcly s
at no relevant
further integrated into five core categories: design schemes, formal _desien
. . . scheme or design
management systems, technical documents, organizational document - was
. . prepare or
measures, and process methods. In the quantitative stage, the operaton or
azard-contro!
each secondary indicator was operationalized as a binary ) activity. _

. . . Unlvlmsly or unreasonable Usve when a design 0-1
variable: a value of 1 was assigned only when the accident design updates exited put s ot
report explicitly described the corresponding deficiency, and o reflee actual
0 otherwise. To improve reproducibility, the coding rules hen s techicl
were defined on the basis of report-based evidence rather umreasonable  for
than subjective wording alone. The revised Table 1 provides Deficent design schemes - Use when a design -1
the operational definitions of the secondary indicators. omited key safety

necessary  param-
eters/calculations,
or was inconsistent
with actual
working
conditions.
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TABLE 1. Description of Variables (continued)

Variable type Category Variable name Operational coding Range of
rule values
vari- sys- Absence of management Use when 0-1
able tem system no formal
management
system or
institutional
arrangement
existed for the
relevant safety
activity.
Unreasonable Use when a 0-1
management system system existed
design but its provisions
were incomplete,
contradictory,  or
unsuitable for the
task.
Dysfunctional implemen- Use when a formal 0-1
tation of management sys- system existed but
tems failed in implemen-
tation or was inef-
fective in practice.
Technical No technical document Use when 0-1
document support relevant  technical

documents  were
absent.
Incomplete technical doc- Use when 0-1
uments documents
existed but lacked
essential  content,

procedures, or
parameters.
Inaccurate technical docu- Use when 0-1
ments documents

contained
incorrect, outdated,
or site-inconsistent
information.

Organizational Insufficient organizational when 0-1
measure measures s were
missing or
inadequate in
scope, staffing,
supervision,
training,
coordination,
or emergency
preparation.
Ineffective organizational Use when 0-1
measures measures formally
existed but did not
function effectively
in practice.
Process method Inappropriate process Use when the 0-1
methods selected operating
process was
technically
unsuitable for
the relevant hazard
conditions.
Unreasonable or illegal Use when the 0-1

process methods operating method
violated  required
procedures,  safety
standards, or legal
requirements.

B. DATA ANALYSIS
The research has analyzed 382 cases of coal mine accidents
that took place during the period of 2012-2022 which in-
cluded the time distribution of the events, regional features,
and the role of regulatory factors. As shown in Figure 2,
the results indicate that there has been a great decline in the
number of accidents with large-scale casualties in the past
few years. It can be seen that the number of major accidents
(more than 10 deceased) fell each year throughout the period
of the study. This tendency is probably closely connected
with the toughening of national work safety regulations and
the constant improvement of coal mine safety technologies.

In accordance with the classification by regions of the
National Bureau of Statistics of China, the 31 provinces,
autonomous regions and municipalities of China are cate-
gorized into four regions including eastern, central, western
and northeast China.

According to Figure 3, eastern China has the lowest
occurrence of coal mine accidents, possibly because of its
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stronger economic base and more mature safety manage-
ment capacity. The central region shows the lowest average
fatality level. By contrast, northeast China exhibits a higher
average number of fatalities. This regional pattern may
reflect not only differences in regulatory implementation
but also region-specific mining conditions, such as deeper
seams, more complex geological settings, gas and water
hazards, mine age, and resource depletion. Because such
physical variables were not explicitly modeled in this study,
the regional result should be interpreted as a descriptive
association rather than as evidence of purely regulatory gaps
[26, 27].

Coal mine accidents are associated with cyclical variables,
including seasonality. Figure 4 shows how coal mine acci-
dents vary across different seasons. The increased market
demand and concentration of production tasks in the third
quarter lead to more frequent mining activity, which may
elevate accident risk. Nevertheless, the average death rate
per accident is rather low with a large number of accidents
in the third quarter. It appears that when there is a high level
of production activity, coal mining companies could have
tighter safety monitoring policies to achieve safe production.
Also, third quarter accidents usually have less casualties,
which could be due to the strong enforcement of the safety
control and supervision measures in season.

According to Figure 5, accidents due to technical docu-
mentation causes are the most common, however the average
number of fatalities is much smaller compared to those
caused by other causes. The result implies that inaccuracies
or lack of information in technical documentation could
be the main reason behind operational mistakes. Workers
will not be able to have the correct standards to refer to so
they are prone to making errors that might cause accidents.
By contrast, despite the fact that accidents due to design-
scheme factors are rare, the casualties are usually the most
severe ones when they do happen. It probably is so because
design scheme errors may be the fundamental cause of the
operational process overall safety. Such accidents usually
have systemic origins that result in massive deaths and
injuries. This research indicates the need to focus on the
precision of technical documentation and the quality of
design schemes in coal mine safety management.

C. MODELING METHODS

1) Machine Learning Algorithm Comparison

The research paper involves the comparative multi-algorithm
analysis in order to forecast the casualties of coal mining
accidents due to regulatory factors. The algorithms that were
used in the given analysis are logistic regression, three kinds
of decision tree algorithms and random forest. The logistic
regression is a statistics technique that has been applied
to predict probabilities in binary classification issues. Even
though the word regression is part of its name, logistic
regression can be viewed as a classification algorithm. This
model employs a logistic function, namely, the sigmoid
function to transform the result of linear regression into
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FIGURE 2. Trends in coal mine accidents, 2012-2022
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FIGURE 3. Coal mine accidents by region

the range of [0, 1] which estimates the probability of
a specific event happening [28]. Decision tree algorithms
belong to the category of machine-learning methods that
are applied to classification and regression problems. C4.5
is an improved version of the ID3 algorithm and is mostly
used in classification problems. CART (Classification and
Regression Trees) algorithm can be applied to classification
as well as regression problems. It measures node impurity
through the Gini impurity index and the most appropriate
attribute in terms of data segmentation is chosen, which
leads to an intuitive tree structure. The CHAID (Chi-squared
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Automatic Interaction Detector) algorithm relies on the
chi-squared test to determine the independence between
attributes, thus it is especially useful in classification tasks.
CHAID enables multivariate splits using several variables
per node and produces interpretable tree models. Random
Forest is a type of the ensemble learning algorithm, which
builds several decision trees and averages their results to
enhance the quality and strength of the predictive model.
In the course of training, every tree is based on a random
sample of the data set, and randomness is used in choosing
the attributes to prevent overfitting [29].
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2) Categorical Evaluation Metrics TABLE 2. Binary Confusion Matrix
In order to test the generalization performance of a clas-
sification model, we depend on a sequence of successful Predicted Values
experimental estimation techniques and appropriate evalua- Negative (0)  Positive (1)
thI.l measures. Accuracy., precmqn, reca!l anq F1 score are et Vil Negative (0) ™ P
major performance metrics used in classification tasks. The ctual Values - positive (1) FN TP
metrics are calculated using the confusion matrix of a blnary Note: True Positives (TP): Observations predicted as positive and actually positive.

classification problem, as presented in Table 2. True Negatives (TN): Observations predicted as negative and actually negative.
False Positives (FP): Negative observations are incorrectly predicted as positive.
False Negatives (FN): Positive observations are incorrectly predicted as negative.

The most obvious performance measure is accuracy,

which reflects the fraction of samples that were correctly
categorized by the model in the entire set of samples. It can
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be derived by using the confusion matrix.

TN+TP 0
FP+TN+TP+ FN

Precision (also called positive predictive value) is the ratio
between the number of predictions labeled as positive and
the number that were actually positive and measures the
extent to which the model can predict the positive class.
By comparison, recall is the percentage of all true positive
examples that are correctly labeled as positive and measures
the capacity of the model to classify the positive class. The
respective formulas are:

accuracy =

recision = L )
P “FP+TP
TP
l=———— 3
T EN TP ®)

The F1 score is the harmonic average of the precision
and recall and can be considered a holistic measure of
performance because it incorporates the two metrics. The
F1 score is weighted towards precision and recall, however,
one of them has a stronger effect on the result than the other.
The formula is given below:

Fl— 9w prec?s%on x recall @
precision + recall

The proportions of correct and incorrect predictions per
class can also be deduced based on the confusion matrix,
with four possible results: The true positive rate indicates the
proportion of positive samples that are correctly predicted.

TP

TPR= 75 FN ©)
The false negative rate is the fraction of positive samples
that are erroneously classified as negative.
_FN
TP+ FN
False positive rate is the percentage of negative samples that
are incorrectly labeled as positive.
B P
~ FP+TN
The true negative rate tells us what percentage of the
negative samples will be correctly predicted as negative.

TN

"~ FP+TN
These metrics offer an integrated structure to assess and
compare the results of various classification models. The
application of the measures will help researchers to develop
a better insight into how a model is likely to perform on a
given dataset, hence allowing them to make the right choices
in selecting and optimizing models.

FNR (6)

FPR

)

TNR ®)

VOL. 15, NO. 3, AUGUST 2026

3) SHAP Interpretability Analysis

SHAP (Shapley Additive exPlanations) is a widely used
explainability technique in machine learning introduced by
Lundberg et al. [30]. The method is based on Shapley values
from game theory and is used to quantify the contribution
of each feature to the model output. By computing Shapley
values, SHAP improves the transparency and interpretability
of the model [31]. Mathematically, the Shapley value ¢; is
calculated as follows:

[s]'(p — [s] = 1)!

¢i(v) = Z ol

sg{zl,“.,x},} (9)

sFx;
x (v(s U{z;}) —v(s))

Here, denotes the Shapley value of the feature and it
indicates how much this feature contributes to the prediction
of the model, is the collection of all features in the model, is
the overall number of features, stands as the feature vector
of the sample that needs to be explained, and is the model
output based on the subset of features. Weightage guarantees
the equality of the Shapley values so that every combination
of features sets has the same importance in the computation.

In addition, assuming that is the model explanation, is the
number of variables, and indicates the presence or absence
feature (values of 0 or 1), we can express the predicted value
of the model as:

M
9(2') = o+ Y _ iz} (10)
=1

In this case, denotes the Shapley value of each attribute,
where indicates the average prediction of all cases. By
doing so, the SHAP approach does not only measure the
effect of separate attributes, but also combines the efforts
of all the attributes to provide an overall picture of the
model prediction. Our research paper focuses on a full-scale
analysis of how important characteristics impact accident
casualty prediction models based on the SHAP method. We
find out the main factors that have a significant influence on
the prediction outcomes by computing the SHAP values of
the training samples. The analysis offers a solid ground on
which the accident casualty prediction can be enhanced.

D. MODEL CONSTRUCTION

Prior to the empirical analysis, this paper made the appro-
priate encoding transformations of some of the variables
which are categorical variables and turned them into binary
numerical variables to enable modeling. In particular, acci-
dent severity was divided into two categories depending on
the number of fatalities: those with three or more fatalities
were classified as positive samples (coded as 1) and those
with less than three fatalities were defined as negative
samples (coded as 0). Figure 6 shows that 39.53 percent
of the accident cases have caused at least three deaths and
60.47 percent has caused less than three deaths. This binary
classification system does not just make it easier to construct
the models but also enhance their predictive quality.
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Yes(1)-Major casualty

FIGURE 6. Dependent Variable Data Categorization

Moreover, in case of mistakes associated with the regula-
tion, this research applied binary code and coded accidents
with these errors as 1 and no errors as 0. Having performed
the data preprocessing described above, this paper undertook
a detailed statistical analysis of 382 coal mine accidents
affected by regulatory factors and formulated a classification
model. The model is capable of accurately calculating the
casualty results of coal mine accidents caused by regula-
tory problems and thus offers an opportunity to provide
a scientific foundation to the managers when coming up
with the mitigation strategies of risks. The training set
was used to train the classification model and the test
set was used to evaluate its performance. The dataset was
divided strictly, with 80 percent of the observations used for
training and the remaining 20 percent reserved for testing.
Although the binary outcome distribution was moderate,
severe cases were concentrated more heavily in earlier years.
Therefore, year of occurrence was retained as a contex-
tual temporal variable to capture historical heterogeneity
across the study window rather than as a direct regulatory
factor. Due to the large dimensionality of the accident
data, this paper employed a filter-based feature selection
algorithm (Liu and Yu, 2005) to select and preserve features
strongly related to coal mine accidents. The importance-
related coefficient was set at 0.667 to eliminate features with
weaker correlations, thereby simplifying model complexity
and improving predictive accuracy [32]. The present study
built machine learning models with five algorithms which
are logistic regression, C4.5 decision tree, CART decision
tree, CHAID decision tree and random forest based on the
chosen features. The reason behind building these models is
to investigate the complex nonlinear relationship in the data
by means of various algorithmic structures and optimizing
predictive performance. In order to enhance model accu-
racy and stability even more, this study considered adding

3521

boosting and bagging methods to the CART and CHAID
algorithms. This method will be used to remove features of
zero importance and to decrease the noise in the models and
enhance their capability to determine the important features.

lll. RESULTS AND DISCUSSION

A. MODEL COMPARISON

When researching the categorization of the severity of coal
mine accidents, this paper has used Logistic Regression,
C4.5 Decision Tree, CART Decision Tree, CHAID Decision
Tree, and Random Forest models to act as classifiers. The
number of casualties on coal mine accidents was used as the
main classification indicator and the severity of accidents
was classified into large and small, which is a binary
classification issue. In order to perform an exhaustive evalu-
ation of various classifiers, this paper performed a complete
evaluation in two aspects, namely, model performance and
factor screening, based on quantitative classification metrics
and qualitative factor analysis.

1) Comparison of modeling effects

Initially, based on model performance, this paper quantifies
the comparative performance of the five mentioned models
in the task of classifying the severity level of coal mine
accidents. The performance of each model was measured
using a set of important classification measures, which
consisted of accuracy, precision, recall, F1-score, geometric
mean (G-mean) and area under the ROC curve (AUC). All
these measures fully represent the balance and accuracy of
every model to manage positive and negative cases.

Of these models, random forest model (RF) demonstrated
the best performance with an accuracy of 0.7895 compared
to the C4.5 and CHAID models with the worst accuracy
of 0.7263. It means that random forest model is the most
precise one to predict the severity of the coal mine accident.
F1 score, as the harmonic mean of precision and recall,
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TABLE 3. Comparison of Model Effectiveness

Models  Accuracy Precision Recall (TPR) TNR FPR  FNR Fl-Score G-Mean AUC

Logistics  0.7474  0.9412 0.4103 0.9821 0.0179 0.5897 0.5714  0.1624 0.7270
C4.5 0.7263  0.7407 0.5128 0.8750 0.1250 0.4872 0.6061  0.2013 0.7610
CART 0.7368  0.7333 0.5641 0.8571 0.1429 0.4359 0.6377 0.2338 0.7770
CHAID  0.7263  0.8824 0.3846 0.9643 0.0357 0.6154 0.5357 0.1376 0.8130
RT 0.7895  0.7568 0.7179 0.8393 0.1786 0.3077 0.7368  0.3631 0.8310

represents the overall balance of these two measures in the
model. The highest F1 score was obtained by the random
forest model, at 0.7368, which means that this model has
a better tradeoff between precision and recall compared to
other models. Also, the logistic regression model showed
the greatest precision, 0.9412, which means that it is very
accurate in predicting large-scale accidents. The random
forest model has the highest recall, 0.7179, which indicates
that it can be used to identify large-scale accidents and
minimize the probability of missing detection. Also, the
random forest model recorded the highest Gmean, which
is especially useful when working with imbalanced datasets
and indicates good performance even when the positive and
negative examples are not evenly distributed.

The given table shows the particular values of the clas-
sification performance measures of each model. Of these
models, the random forest model (RF) was the most ac-
curate, with an accuracy of 0.7895, and the C4.5 and
CHAID models were the least accurate, with an accuracy
of 0.7263. This suggests that the random forest model is
the most effective when it comes to the prediction of the
severity of coal mine accidents. The F1 score being the
harmonic mean of both precision and recall also indicates
how balanced these two metrics are in the model. The
random forest model gave the highest value of F1 score,
i.e., 0.7368 which means that the balance between the
precision and recall is greater than in any of the other
models. Moreover, the logistic regression model was most
precise with 0.9412, which means that the model is highly
accurate in forecasting large-scale accidents. The random
forest model recorded the highest recall of 0.7179 implying
that it can be used effectively both to identify large-scale
accidents and minimize the possibility of missing detections.
Besides, the random forest model performed the highest G-
mean, especially in the case of unbalanced datasets, and
it performs significantly well with unequal distribution of
positive and negative samples.

The ROC curve is drawn, depending on the relationship
between the true positive rate (TPR) and the false positive
rate (FPR), as illustrated in Figure 7. Every point on the
curve corresponds to the model performance at a given
classification threshold. The AUC is a measure of the
average performance of the model over the entire range
of classification thresholds, so an increased AUC value
indicates a better overall performance of the model. Figure 7
demonstrates that the ROC curve of the random forest model
is the nearest to the upperleft corner and is higher than the
rest of the models in most areas. It also has the largest
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AUC value, which is 0.8310, which confirms once again
the best average performance of the random forest model
over the whole range of classification thresholds. According
to the given analysis, the random forest model has better
performance in predicting the severity level of a coal mine
accident particularly in the case of unbalanced data. This
benefit might arise due to the combination of many decision
trees in the random forest model, which is likely to minimize
overfitting, but still have good robustness to outliers and
noise. Hence, along with the available literature (Rhodes
et al., 2023), and the findings of this paper, the random
forest model can be considered as an excellent option to
explore the determinants of coal mine safety regulation
and accident fatalities due to its high precision and overall
highperformance level [33]. Because severe accidents were
concentrated in earlier years, these metrics should be inter-
preted as performance within the 2012-2022 study window
rather than as time-invariant evidence of present-day risk
prediction.

2) Comparison of factor screening results

Despite the fact that the random forest model has proven to
be very efficient in terms of classification in this research,
every model has some weaknesses and is unable to consider
all the influencing factors. The aim of this study is thus
to find out which of the identified key factors of the
different models have a significant impact on the severity
of the coal mine accident classification through an extensive
comparison of these factors, which will help give scientific
background to the process of preventing accidents and
managing safety. This paper ranked the factors that were
influential as determined by each algorithm based on their
level of importance and provided a summary of these factors
in Table 4 as a result of the comparative analysis of the
screening findings across various models.

As shown in Table 4, various models demonstrate some
consistency in factor selection. All models ranked year of
occurrence highly; however, in this study year is interpreted
as a temporal contextual variable rather than as a direct reg-
ulatory indicator. It likely absorbs broader historical changes
across 2012-2022, including improvements in regulation,
mechanization, monitoring technology, rescue capability,
and the industrial environment. Therefore, the substantive
regulatory interpretation of the model focuses on the direct
regulatory variables rather than on year itself. Among the
direct regulatory variables, the effectiveness of organiza-
tional measures, the completeness and accuracy of technical
documents, the legality and rationality of process methods,
and the presence of management systems remain the most
important findings. Besides the year variable, there are other
variables that have been found to be significant in different
models, including the scientific effectiveness of measures,
completeness of document content, legality of the process
methods, presence of corresponding management systems.
The following factors are the most important in the outcome
of accidents casualties. Of special note is that the factor of
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scientific effectiveness of measures is relevant in all models,
highlighting the need to implement scientifically viable
prevention and control measures prior to an accident, as well
as efficient emergency measures during an accident that can
minimize the number of casualties. The significance of both
the concepts of complete technical documents and rational
and legal process methods in all the models is that they
play a positive role by providing a clear technical guidance
and legal procedure to prevent accidents and minimize their
effects. Also, the focus on the concept of the corresponding
management systems in different models means that the cre-
ation and optimization of management systems are critical
to the prevention and response to accidents[34]. To sum up,
by conducting an extensive examination of the screening
outcomes of different models, this paper has determined
the main determinants of coal mine accident severity and
highlighted the importance of these factors in accident
prevention and safety management. These results do not
only offer a scientific ground on the safety management
of coal mines but also give insights into the further study
and application. The key factors can be addressed more
effectively with a better understanding of such factors which
will contribute to reducing the number of accidents and
casualties caused by them if the accident prevention and
response capacities are significantly enhanced in coal mines.

B. SHAP VISUALIZATION AND ANALYSIS

In comparison to simple decision trees, more sophisticated
machine learning algorithms like random forests are capable
of providing better predictive results, but can also be devoid
of any intuitive prediction procedure and cannot necessar-
ily represent interactions between features. The limitation
can decrease the transparency and interpretability of the
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prediction process of the model. In order to overcome
this problem, SHAP value analysis offers a quantitative
mechanism to attribute the contributions of each feature to
the prediction result. Not only does it measure the influence
of a single feature, but also explains how other features
behave together to affect the predictions made by the model,
thus improving the model credibility and its usefulness.

The global feature importance ranking based on the
random forest model is shown in Figure 8. The high ranking
of year of occurrence again indicates substantial temporal
heterogeneity across the study period rather than suggesting
that year itself constitutes a direct regulatory failure. Among
the direct regulatory variables, technical documentation,
process methods, design schemes, management systems, and
organizational measures contributed most strongly to the
prediction of severe casualties.

Figure 9 provides both the magnitude and direction of
each predictor’s effect on the model output. Positive SHAP
values indicate feature states that increase the predicted
probability of severe casualties, whereas negative SHAP val-
ues indicate states associated with lower predicted severity.
For the direct regulatory variables, the direction of impact is
also consistent with accident causation logic. Unreasonable
or illegal process methods can weaken critical safety barriers
by bypassing required procedures for ventilation, support,
drainage, blasting, or hazard isolation, thereby increasing
worker exposure when abnormal events occur. Incomplete or
inaccurate technical documents can delay hazard recognition
and reduce operational consistency because workers may
lack reliable design parameters, operating instructions, or
emergency guidance. Likewise, insufficient or ineffective
organizational measures may reflect inadequate supervision,
training, coordination, and emergency preparedness, all of
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which can enlarge the consequences of an accident. Accord-
ingly, SHAP is used here not only to rank variables but also
to interpret how specific regulatory deficiencies may escalate
accident severity. The results obtained are very significant
to the practical management of safety in coal mines. In case
these factors are not present or are defective, they can cause
more serious outcomes. On the other hand, in case these
factors are not perfect or improperly applied, they may be
associated with only trivial injuries or incidents. It highlights
the significance of setting up and putting into practice rules
and procedures. Although some regulations are not optimal,
their presence will also help reduce the severity of accidents.
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Moreover, the constant enhancement of safety regulations is
an essential step towards the reduction of accidents in coal
mines [35].

Lastly, in order to improve the comprehension of in-
dividual case forecasts, the present paper describes the
process of predicting of the model on the basis of case
analysis of the 4. 26 massive water inrush incident at Xin-
sheng Coal Mine in Qiaojia Town, Yanhe County, Tongren
City, Guizhou Province with SHAP feature contribution
waterfall plot (Figurel0). The analysis shows what factors
were important to the occurrence of the accident and how
they have impacted the prediction result. The predicted
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probability of the model is 0.947 which is much greater
than the base value of the mean prediction of the training
dataset (0.397) suggesting that the combined features in this
catastrophe greatly raised the chances of serious casualties.
Figure 10 further illustrates the impact of each feature on
the prediction result in the selected ‘4.26° case. Positive
SHAP contributions were mainly associated with early-year
occurrence, inadequate technical documentation, lack of
technical document support, improper process selection, and
insufficient organizational measures. From an operational
perspective, these factors indicate that the accident-control
system lacked both upstream technical guidance and down-
stream organizational response capacity, thereby increasing
the likelihood of severe casualties. The case-level explana-
tion is consistent with the global SHAP results and supports
the practical usefulness of the model for accident analysis.
Given these findings, policymakers and practitioners should
recognize that coal mine safety management is a continuous
and adaptive process. Safety rules, technical documents,
and process measures should be periodically reviewed and
updated in response to changing production conditions and
emerging hazards. Standardized procedures are needed to
ensure that technical documents are regularly revised and
that organizational and process measures remain effective
under new operating conditions.

IV. CONCLUSION

The Random Forest model has shown better results in coal
mine accident severity classification with a 0.7895 accuracy,
0.7368 F1 score, and 0.8310 AUC which is much higher
than the rest of the models. This good result of these metrics
suggests that the Random Forest model could be used to
identify the underlying complex trends that determine the
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severity of coal mine accidents and thus can be used as
a dependable predictive indicator in formulating preventive
measures against accidents. The screening and analysis
of different machine learning models helped the study to
identify five major groups of influencing factors which are
temporal trends, effectiveness of organizational measures,
completeness of technical documentation, compliance with
process methods and establishment of management systems.
These factors interact to influence the prevention of acci-
dents and the reduction of casualties to a significant extent,
which is why it is crucial to consider various factors in coal
mine safety management. This paper builds on the SHAP
method to investigate how much each feature contributes
in the model. SHAP value analysis does not only explain
the exact contribution of each of the factors to predict
the severity of accidents but also gives grounds to make
priorities in the area of accident prevention. Moreover, the
analysis highlights the significance of the presence, com-
pleteness, and accuracy of regulatory systems in avoiding
severe outcomes. The paper is useful in contributing to the
prevention and control of coal mine accidents. Nevertheless,
there is space to conduct additional research. The future
research might include exploring the integration of more
appropriate indicators that would enhance and perfect the
accident prediction index model regarding regulatory factors
of coal mines. Other methods of machine learning could be
introduced to boost predictive capabilities. Moreover, the
combination of the main factors discussed in the current
research with the factors of other areas, like the geological
situation, and the severity of the accidents can bring to
the more profound knowledge of the reasons behind coal
mine accidents. Also, the approaches and models that have
been developed in this study can be used in predicting and
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