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Abstract

This study develops an integrated risk assessment framework to trace the evolution from
multi-factor coupling to systemic failure, using coal mine rock burst as a case study. First,
a fault tree containing 56 basic events is established from statistical analysis of accident
cases from 2010 to 2024. Expert judgment is then combined with fuzzy theory to assign
probabilities to basic events, which are further analyzed through a Bayesian Network. Next,
differentiated importance measures, including Birnbaum Importance and Fussell–Vesely
Importance, are calculated at multiple levels, and gray relational analysis is used to identify
the most critical basic events. Results show that management-related factors, particularly
insufficient monitoring and inadequate hazard identification, play dominant roles in risk
propagation. The Bow-Tie model is subsequently applied to examine inadequate hazard
identification in greater depth and to propose targeted preventive measures. Finally, by
integrating the comprehensive accident model with chaos theory across the four dimen-
sions of human, machine, environment, and management, the study reveals the internal
mechanism of disaster evolution under multi-factor coupling. Validation against objective
data confirms the reliability of both probability assignment and critical-event identification.

Keywords: rock burst; fault tree analysis; Bayesian network; gray relational analysis;
bow-tie model; fuzzy decision-making

1. Introduction
Coal serves as the cornerstone of China’s energy security, providing a stable and

reliable power supply and industrial energy for economic and social development. Its status
as the primary energy source remains irreplaceable in the short term. Rock burst refers
to the instantaneous release of accumulated elastic strain energy in coal mine workings,
which occurs when high stress causes the load on the surrounding coal and rock to exceed
their strength limit. This causes the strata to fracture and violently eject into the working
area, resulting in support failure, roadway blockage, equipment damage, and posing
a severe threat to miners’ lives [1,2]. As coal mining advances to greater depths, the
risk of coal burst increases significantly, which poses significant operational and safety
challenges [3]. On 20 October 2018, a major rock burst incident occurred in the drainage
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drift and No. 3 crosscut of the 1303 working face at Shandong Longyun Coal Industry Co.,
Ltd. (Heze City, China) [4], resulting in 21 fatalities, 4 injuries, and direct economic losses
of 56.398 million yuan.

The causes of rock burst accidents are numerous and complex. To address weaknesses
and gaps in coal mine production and safety management, many scholars have conducted
extensive research on rock burst prevention [5]. Current studies on rock burst phenomena
primarily focus on two aspects: monitoring, early warning, and prevention measures.
Some scholars contend that coal rock burst represents a complex evolutionary process that
incubates, develops, and manifests during coal mining operations. Therefore, the core of
effectively preventing and controlling coal-rock rock burst lies in monitoring the fracture
evolution process of coal-rock bodies, thereby enabling precise prediction and prevention
of this hazard. Research in the field of monitoring is currently extensive, ranging from
contact-based monitoring and early warning methods such as borehole stress monitor-
ing [6–8], mine pressure monitoring techniques, and strain gauge methods, to non-contact
geophysical detection technologies represented by electromagnetic radiation [9–11], micro-
seismic monitoring [12], and acoustic emission [13,14]. Research on rock burst monitoring
and early warning is also continuously advancing. In recent years, as mining depths have
increased, the limitations of single monitoring methods have become increasingly apparent;
multisource information fusion has become a research hot spot. For instance, Di et al. [15]
proposed a multi-signal fusion early warning method based on the long short-term memory
recurrent neural network (LSTM-RNN) and the convolution neural network (CNN) for
integrating microseismic, acoustic emission, and electromagnetic radiation signals. Zhao
et al. [16] proposed an intelligent early warning method for rock burst using acoustic
emission and electromagnetic radiation, which significantly improved predictive accuracy
and generalization capability. This approach provides an effective solution for achieving
intelligent and precise early warning of rock burst in coal mines.

While clarifying the research progress and technical directions in rock burst monitoring
and early warning, a relatively systematic research framework and practical solutions have
also been established academically for proactive prevention and control measures against
this hazard. Most scholars generally agree that there are three primary methods for prevent-
ing and controlling rock burst: first, mining optimization design approaches represented
by staggered-level mining layouts [17,18]; second is stress transfer, such as large-diameter
drilling for pressure relief [19], coal seam blasting [20,21], hydraulic fracturing [22–24],
and other prevention and control techniques; third, enhance the impact resistance of the
support structure by strengthening or improving the support method [25]. With the in-
creasing depletion of surface mineral resources, deep mining has become standard practice.
Currently, single-method solutions for rock burst prevention and control yield poor results
in addressing on-site issues. Therefore, in practical applications, combined management
using two or more methods is commonly employed [5].

In research on rock burst prevention and control, some scholars have employed fault
tree analysis (FTA) to identify the critical basic events in rock burst accidents. However,
the basic events included in such analyses are often insufficiently comprehensive [26].
Furthermore, the process of assigning probability values to these basic events typically
relies on historical statistical data from a single mine or enterprise group, resulting in
probability estimates that lack universal applicability. To address issues mentioned above,
this study constructs a more comprehensive basic event system for rock burst accidents
based on systematic statistical analysis of accident cases. It introduces fuzzy set theory to
handle probability assignment under uncertainty, ultimately enabling precise identification
of the critical basic events through Bayesian network inference.
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Currently, the mainstream and focus of rock burst research is largely centered on
the analysis of stress field evolution. However, coal rock burst is a essentially complex
dynamic process involving incubation, development, and occurrence during coal mining
operations [27,28], with its evolution influenced by the coupled effects of multiple factors.
In the field of coal mine safety research, existing studies predominantly explore three
dimensions: unsafe human behavior [29,30], unsafe equipment conditions [31,32], and coal
mine production environments [33–35]. Xu et al. [36] analyzed the interaction mechanisms
affecting miners’ safety attention, highlighting the importance of considering human-
related factors in safety management. Jin et al. [37] provide guidance for drilling operations
and wellbore protection by investigating the factors influencing the deformation and
failure of porous coal. A few scholars, such as Tian et al. [38], have categorized coal
mine accidents into four factors: human, machinery, environment, and management.
However, there has been limited research on rock burst from an integrated human–machine–
environment–management system perspective. Existing findings primarily focus on stress
monitoring and prevention technologies, failing to systematically reveal the complete chain
of mechanisms through which multiple factors interact, evolve step by step, and ultimately
lead to accidents. Furthermore, accident statistics indicate that the direct or indirect causes
of most rock burst accidents are closely linked to management factors, further underscoring
the necessity and urgency of conducting in-depth investigations into their evolutionary
mechanisms at the systemic level.

To address the aforementioned limitations, this study develops a systematic risk as-
sessment framework for coal mine rock burst accidents by integrating accident causation
analysis, uncertainty quantification, probabilistic reasoning, critical factor prioritization,
and accident evolution analysis based on chaos theory. Rather than being a simple combi-
nation of existing techniques, the proposed framework provides a structured approach to
reveal the interactions among heterogeneous risk factors under incomplete information and
further investigates rock burst evolutionary mechanisms from the perspectives of systemic
causation and complex system dynamics.

The main contributions of this study are summarized as follows:

(1) A multi-theory integrated risk assessment framework is developed by coupling fault
tree analysis, Bayesian networks, fuzzy probability estimation, gray relational analysis,
and bow-tie modeling, enabling systematic identification and prioritization of critical
rock burst risk factors under uncertainty.

(2) A comprehensive accident evolution analysis framework is established by combining
bow-tie analysis and chaos theory, providing new insights into the transition from
multi-factor interactions to catastrophic rock burst events.

(3) The proposed framework is validated using 22 rock burst accident cases in Chinese
coal mines, demonstrating its capability to identify dominant causal factors and
support targeted safety management strategies.

2. Data Statistics
This study collected and analyzed data on coal mine rock burst accidents in China

from 2010 to 2024. The data were primarily obtained from the National Mine Safety
Administration and provincial regulatory agencies. We selected 22 rock burst incidents as
our primary sample, based on the criterion that detailed investigation reports were available.
Relevant information was categorized and organized according to the year, quarter, region,
and type of incident, and the results are presented in the corresponding charts (Figures 1–4).
This approach aims to reveal the temporal and spatial distribution patterns of accidents
along with their typological characteristics, thereby providing a reference for implementing
phased and targeted rock burst prevention and control measures.
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Figure 1. Classification by year of occurrence.

Figure 2. Classification by quarter of occurrence.

Figure 3. Classification by location of occurrence.
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Figure 4. Classification by accident level.

Figure 1 presents a bar chart illustrating the number of rock burst accidents and
fatalities from 2010 to 2024. The data reveals two accidents in 2017, resulting in 20 deaths.
In 2018, only one incident occurred, yet it claimed 21 lives—marking the highest single-
incident death toll within this statistical period. Our analysis, considering the accident
causes, indicates that mining depths have increased significantly in recent years, frequently
surpassing 800 or even 1000 m, leading to extremely high in situ stresses. Furthermore, the
coal seams and roof strata in these mines predominantly exhibit pronounced coal burst
tendencies and feature complex geological structures with numerous faults.

From a quarterly distribution perspective, Figure 2 clearly shows that the fourth
quarter recorded the highest number of accidents and fatalities. Analysis of available
data suggests that the high accident rate in the fourth quarter may be related to climatic
conditions. During this period (October–December), most of China experiences a cold,
dry season, during which falling surface temperatures can alter rock stress. Additionally,
the fourth quarter is a critical time for coal mines to complete annual production targets,
potentially intensifying operational activity. To achieve these goals, companies significantly
increase mining intensity and accelerate advancement speeds, leading to more frequent
accumulation of mining-induced stress. At the same time, the implementation period for
pressure relief measures is often insufficient, and maintenance time is also compressed,
making it difficult to identify and address potential safety hazards promptly.

According to the accident location distribution shown in Figure 3, fully mechanized
mining/longwall mining workfaces accounted for the highest proportion (36%), followed
by tunneling workfaces (27%). Together, these two types represented more than 60% of
accidents. This clearly establishes concentrated mining and tunneling activities as the key
contributor to rock burst. Return airways, haulage roadways, crosscuts, and other special
locations constitute 14%, 9%, 5%, and 9% of incidents, respectively. This underscores the
necessity of extending monitoring and remediation efforts beyond the primary mining face.

The accident level in Figure 4 is determined in accordance with the Regulations on the
Reporting, Investigation, and Handling of Production Safety Accidents, promulgated by
Decree No. 493 of the State Council of China. Among the data collected by this research
institute, major accidents accounted for 45%, significant accidents for 36%, and general
accidents for 18%. This indicates that rock burst accidents not only occur frequently but
also result in severe consequences, often leading to mass casualties and major production
disruptions. This underscores their extremely hazardous nature as a major coal mine
disaster and highlights the necessity of rock burst prevention and control.

In existing literature on rock burst accident research, statistical data sections predomi-
nantly use individual mining areas as samples [26,39], and their generalizability remains
to be confirmed. This analysis is based on the official accident investigation reports. The
accident information was categorized and organized by year, quarter, region, and type to
derive the results. Analysis of Figures 1 and 2 reveals that coal mine rock burst accidents are
temporally clustered, suggesting that production rhythms, changes in geological conditions,
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and the periodic accumulation of mining-induced stress may be key factors influencing
rock burst occurrence. The analysis results in Figures 3 and 4 indicate that non-mining areas
should also be included in monitoring and remediation efforts. These results highlight
the extreme hazard posed by coal mine rock burst as a major disaster, underscoring the
necessity of rock burst prevention and control.

3. Methods
The proposed framework consists of six sequential modules. The specific role of each

method is summarized in Table 1.

Table 1. Roles of different methods in the proposed framework.

Method Purpose Contribution

FTA Identify accident causal structure Extract basic events and logical relationships
Triangular fuzzy

numbers Estimate probabilities under uncertainty Convert expert knowledge into
quantitative probability

BN Probabilistic reasoning Analyze dependency among events
Importance measures Identify influential factors Quantify contribution of each event

GRA Integrate multiple rankings Obtain comprehensive priority
Bow-Tie Develop prevention strategies Link causes and mitigation barriers

3.1. FT-BN Model

Fault Tree Analysis (FTA) employs a top-down, logical-deduction approach specifically
designed for risk assessment in complex systems [40,41]. It begins with potential or
actual accidents within the system (the top event) as the starting point for analysis, then
systematically lists the basic events that could trigger such accidents based on causal
logic [42]. Based on the occurrence probability of each basic event, through various logical
relationship analyses, the occurrence probability of the top event and the system reliability
are ultimately determined [43].

A Bayesian network (BN) is a graphical network based on Bayes’ theorem, consisting of
a directed acyclic graph (DAG) and a conditional probability table (CPT) [44]. The BN model
is a probabilistic reasoning framework grounded in Bayes’ theorem. Bayesian network
models enable both forward (predictive) and backward (diagnostic) analysis [45–48]. In
practical applications, Bayesian networks can be analyzed using the GeNIe (5.0 Academic)
software developed by the University of Pittsburgh [49].

The combination of fault trees and Bayesian networks complements each other per-
fectly. Bayesian networks excel at reasoning in gray areas, while fault trees provide a more
intuitive representation of causal relationships between events. When converting a fault
tree to a Bayesian network, it is crucial to ensure the correct correspondence between model
elements and the proper mapping of logical gates. Figure 5 illustrates a simplified fault
tree model. Tables 2 and 3 present the conversion methods for logical AND and OR gates
in fault trees, respectively.

Figure 5. Conversion methods for AND-gate and OR-gate.
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Table 2. AND-gate conversion.

X1 M1 P(T1)

0 0 0
0 1 0
1 0 0
1 1 1

Table 3. OR-gate conversion.

X2 X3 P(M1)

0 0 0
0 1 1
1 0 1
1 1 1

3.2. Triangular Fuzzy Numbers

In fault tree-Bayesian network (FT-BN) analysis, the occurrence probability of basic
events (BEs) serves as the foundational data for quantitative analysis. However, basic
events in mine rock burst fault tree analysis suffer from insufficient historical data and are
difficult to observe directly [50]. To overcome the practical challenge of missing data, we
need to leverage domain expert knowledge and combine it with fuzzy methods based on
expert judgment [45,51,52].

Judgments made by experts based on their knowledge and experience are inherently
subjective to some extent. To enhance the validity of the data obtained for basic events, we
have integrated the opinions of multiple experts [53]. In this study, given the hierarchical
differences among experts, their opinions are weighted based on four criteria: educational
background, professional title, familiarity with the subject matter, and years of experience.
Table 4 outlines the specific classification standards for each criterion.

Table 4. Criteria of experts.

Factors Classification Score

Education background

PhD 4
Master 3

Bachelor 2
Junior college and blow 1

Professional position

Professor level 4
Associate professor level 3

Mid-level professional 2
Junior professional and below 1

Relevance of expertise

Highly relevant 4
Relatively relevant 3
Generally relevant 2

Barely relevant 1

Service year

≥20 years 4
10–19 years 3
5–9 years 2
<5 years 1
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After scoring each expert on the four indicators, the weights for the experts are
determined using Equations (1) and (2).

Ti = Tei + Tpi + Tf i + Tsi (1)

Wi = Ti/
m

∑
i=1

Ti (2)

The number of experts is denoted by m; Ti represents the total weighted score for
each expert; Tei, Tpi, Tfi, and Tsi denote the expert’s scores for educational background,
professional title, familiarity, and years of experience, respectively; Wi is the weight assigned
to each expert.

This study categorizes experts’ opinions on basic events into nine levels, ranging from
“extremely important” to “unimportant.” Given that the distribution of fuzzy information
in this study centers around a core value, triangular fuzzy numbers are employed here,
with the membership function defined by Equation (3).

µ(x) =


0, x < a
x−a
b−a , a ≤ x ≤ b
c−x
c−b , b ≤ x ≤ c

0, x > c

(3)

Table 5 shows the correspondence between the opinions provided by experts and
the triangular fuzzy numbers. After each expert assigns a score to the contribution level
of a basic event, the system will perform a comprehensive calculation based on different
weightings to derive the aggregated fuzzy value for each basic event from the fuzzy values
provided by the experts. The specific calculation method is shown in Equation (4).

Z =
m

∑
i=1

Wi × Zi (4)

where Z is the aggregate fuzzy number of the basic event (BE); m denotes the number
of experts; Wi represents the weight of an expert; and Zi signifies the fuzzy number of
an expert.

Table 5. Fuzzy numbers corresponding to the experts’ judgment.

Comment Level Fuzzy Numbers

9 (0.8, 0.9, 0.9)
8 (0.7, 0.8, 0.9)
7 (0.6, 0.7, 0.8)
6 (0.5, 0.6, 0.7)
5 (0.4, 0.5, 0.6)
4 (0.3, 0.4, 0.5)
3 (0.2, 0.3, 0.4)
2 (0.1, 0.2, 0.3)
1 (0.1, 0.1, 0.2)

After obtaining the aggregated fuzzy number, it must be converted into a fuzzy
possibility score (FPS), and the FPS must be transformed into the probability of the event
occurring. Currently, numerous methods exist for defuzzification, such as the weighted
mean of maximums (WMOM), the centroid method, and the centroid average weighting
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method [54,55]. Here, we adopt the centroid method [56,57], converting fuzzy numbers
into fuzzy possibility scores via Equation (5).

X =

∫
g(x)xdx∫
g(x)dx

(5)

where X is the defuzzified output; g(x) is the membership function; x is the output variable.
For a triangular fuzzy number Z = (a1, a2, a3), the FPS is calculated using Equation (6).

FPS =
(a2 − a1)(2a2 + a1) + (a3 − a2)(a3 + 2a2)

3(a3 − a1)
=

a1 + a2 + a3

3
(6)

where FPS denotes the fuzzy possibility score; (a1, a2, a3) represents the triangular
fuzzy number.

Subsequently, the value can be converted into a fuzzy probability using Equation (7)
developed by Onisawa [58–60].

Pf =


1/10k, FPS ̸= 0
0, FPS = 0

k = 2.301 ×
[
(1 − FPS)/FPS

]1/3
(7)

where Pf is the probability of occurrence of BE, and k is the coefficient.

3.3. Importance Measures

Importance indicators quantify the degree to which basic event (BE) influence the
probability of the top event (TE) occurring. The higher the importance of a basic event, the
greater its impact on the likelihood of the top event occurring. This study employed five
key performance indicators for quantitative analysis.

Birnbaum Importance (BI) reflects the incremental effect of critical basic events on the
incidence of the TE [61]. It is calculated using Equation (8).

IBI = P(TE|BE = 1) − P(TE|BE = 0) (8)

P(TE|BE = 1) is the probability of the TE occurring when BE occurs, while P(TE|BE = 0)
is the probability of TE occurring when BE does not happen.

The Fussell–Vesely importance measures the contribution from each BE to the failure
probability of the TE [62]. It represents the rate of change in the likelihood of the TE
occurring when BE does not occur. The calculation is as follows:

IFV =
P(TE)− P(TE|BE = 0)

P(TE)
(9)

where P(TE) is the probability of occurrence of the TE, and P(TE|BE = 0) is the probability
of occurrence of the TE when BE does not occur.

Risk reduction indicates the ability to decrease overall risk when BE is confirmed not
to occur, defined as the difference between the probability of the TE occurrence and the
probability of the TE occurrence when BE does not occur [63,64]. It is calculated as follows:

IRR = P(TE)− P(TE|BE = 0) (10)

where P(TE) is the probability of occurrence of the TE, and P(TE|BE = 0) is the probability
of the TE occurring when BE does not happen.
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Risk achievement worth is the ratio of the probability of the TE occurring when BE
occurs to the probability of the TE occurring [63,64]. It reflects the maximum increase in risk
if the potential condition is confirmed to take effect. Its calculation formula is as follows:

IRAW =
P(TE|BE = 1)

P(TE)
(11)

where P(TE) is the probability of occurrence of the TE, and P(TE|BE = 1) is the probability
of occurrence of TE when BE occurs.

Risk reduction worth is the ratio of the probability of the TE occurrence to the prob-
ability of the TE occurrence when BE does not occur, used to measure the value of risk
reduction achieved by removing potential conditions [63,64]. It is calculated as follows:

IRRW =
P(TE)

P(TE|BE = 0)
(12)

where P(TE) is the probability of occurrence of the TE, and P(TE|BE = 0) is the probability
of the TE occurring when BE does not happen.

3.4. Gray Relational Analysis

Gray Relational Analysis is an evaluation method based on gray system theory. It
quantifies the influence of each project on system behavior by calculating the degree of
association between project evaluation indicators and reference sequences [65,66]. A higher
degree of association indicates a more significant impact of the basic event on the system.

Let A = [aij] denote the sequence of importance data for each basic event, where aij

represents the raw data for the j-th evaluation metric in the i-th basic event. Matrix B = [bj]
represents the reference sequence, where bj is the reference value for the j-th evaluation
metric. The gray relational coefficient for the j-th evaluation indicator of the i-th basic event
is calculated by Equation (13).

ξij =
min

∣∣bj − aij
∣∣+ ρmax

∣∣bj − aij
∣∣∣∣bj − aij

∣∣+ ρmax
∣∣bj − aij

∣∣ (13)

where min|bj − aij| denotes the most minor absolute difference among all evaluation
sequences and the reference sequence across the entire matrix. max|bj − aij| denotes the
maximum absolute difference between all evaluation sequences and the reference sequence
across matrix as the whole.

To prevent data distortion caused by maximum absolute values and enhance the
significant differences between gray correlation coefficients, a resolution coefficient ρ ∈ (0,1)
(typically denoted as ρ = 0.5) is introduced into Equation (13). Let W = [w1, w2, . . ., wn]
denote the weight of the evaluation indicators. the gray correlation degree of the evaluation
items can be determined as follows:

ri =
n

∑
j=1

ξij × wj, i = 1, 2, . . . , m (14)

When the gray correlation coefficient ri approaches 1, it indicates that the evaluation
sequence aij and the reference sequence bj exhibit highly consistent trends, signifying a
strong correlation between them within the system. This process determines the sequence
of critical basic events, thereby pinpointing the one that most significantly influences rock
burst occurrence.
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4. Results and Discussions
4.1. Fault Tree Analysis of Rock Burst Accidents

Based on existing research in the field of coal mine rock burst mechanisms, this study
systematically reviewed and analyzed investigation reports from 22 typical rock burst
accidents. We constructed a coal mine rock burst fault tree model, as shown in Figure 6.
This model uses “rock burst occurrence” as the top event and, through layer-by-layer
analysis, ultimately identifies 56 basic events as shown in Table 6. The entire fault tree
comprises 23 logical gates: 7 AND-gates (30.43%) and 16 OR-gates (69.57%). The high
proportion of OR-gates indicates that the causative factors of rock burst accidents exhibit
significant diversity and dispersion.

Figure 6. Fault tree of coal mine rock burst.

Table 6. Fault tree symbol.

Symbol Event Logic Link Type

T Coal mine rock burst AND-gate
M1 Geological conditions AND-gate
M2 Safety management factors AND-gate
M3 Mining technology factors AND-gate
M4 Structure and properties of coal rock mass OR-gate
M5 Geological structure OR-gate
M6 Monitoring and regulatory deficiencies OR-gate
M7 Deficiencies in rock burst prevention and control OR-gate
M8 Mining factors OR-gate
M9 Disturbance factors OR-gate

M10 Coal seam characteristics AND-gate
M11 Roof Structure and characteristics OR-gate
M12 Blast monitoring deficiencies OR-gate
M13 Deficiencies in rock burst regulation OR-gate
M14 Issues with the management system for rock burst control OR-gate
M15 Issues with rock burst management measures OR-gate
M16 Issues concerning rock burst management personnel OR-gate
M17 Special factors in mining OR-gate
M18 General factors in mining OR-gate
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Table 6. Cont.

Symbol Event Logic Link Type

M19 Key factors affecting the base price AND-gate
M20 Directly impacting factors AND-gate
M21 Unreasonable mining sequence OR-gate
M22 Unreasonable mining methods OR-gate
X1 Coal rock possess bursting liability
X2 Folds
X3 Fault
X4 Zone of coal seam dip variation
X5 Coal Seam thickness variation zone
X6 Features a concealed structure
X7 Blasting operations
X8 Pillar withdrawal operation
X9 Coal mining process

X10 Roof caving
X11 Drilling construction
X12 Hydraulic fracturing
X13 High degree of deterioration
X14 High proportion of dark coal
X15 Thick coal seam
X16 Large tilt angle
X17 No dedicated ground pressure monitoring unit has been set up
X18 The movement patterns of rock strata remain poorly understood
X19 The results of mine pressure monitoring are inaccurate
X20 Inadequate hazard identification
X21 Inadequate coal mine supervision
X22 Government departments have failed to exercise adequate oversight
X23 Supervisory oversight by the coal mine’s parent company is inadequate
X24 No rock burst risk assessment has been conducted
X25 No dedicated department for rock burst prevention exists

X26 Lack of timely revision to the rock burst prevention and management
regulations manner

X27 No anti-surge management system has been established
X28 No anti-surge measures have been established
X29 Anti-collision measures are not fully implemented
X30 Inadequate technical management
X31 Labor organization is unreasonable
X32 Personal protective equipment (PPE) is not properly enforced
X33 Overstaffed operation
X34 Violation of safety regulations
X35 Insufficient awareness of rock burst hazards
X36 The prioritization of production over safety
X37 Illegal command
X38 Safety education and training are inadequate.
X39 Over-exploitation of coal seams
X40 Near the goaf
X41 Uneven mining speed
X42 Near the abandoned mining area
X43 Proximity to old workings
X44 Deep mining
X45 Near the production cessation line
X46 High basic tensile strength
X47 Significant base thickness
X48 The basic structure exhibits strong integrity.
X49 Directly supported, not prone to collapse
X50 Compatible with basic caps
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Table 6. Cont.

Symbol Event Logic Link Type

X51 The succession order is unreasonable.
X52 Roadways and coal faces advance toward each other
X53 Insufficient working face spacing
X54 The mining area suddenly expanded.
X55 Parallel processing
X56 Shortwall mining (room-and-pillar, room-and-pillar)

Meanwhile, the proportion of logical AND-gates is relatively low, suggesting that
multiple conditions must typically coincide for rock burst to occur. For example, the
top event “coal mine rock burst (T)” is connected via AND-gates to “coal rock possess
bursting liability (X1)”, “geological conditions (M1)”, “safety management factors (M2)”,
and “mining technology factors (M3)”, indicating that the accident occurs only when all
four factors act together. It is evident that rock burst accidents result from the coupled
interaction between the inherent rock burst tendency of coal and rock formations and
external triggering factors such as geological conditions, safety management, and mining
techniques [38].

Among various factors, geological conditions are the fundamental cause of rock
burst, determining the inherent properties of the stress environment within coal and rock
strata. Special geological structures (such as faults) act as stress concentration zones, where
the surrounding coal and rock are typically more fractured and exhibit complex stress
distributions. Under mining disturbance, these areas are more prone to inducing rock burst.
Mining operations are the direct trigger for rock burst through their disturbance of the
strata stress field. High-intensity mining causes rapid extraction of coal and rock, leading
to abrupt adjustments in the stress field. If the rate of stress redistribution exceeds the load-
bearing capacity of the coal and rock, it may trigger rock burst damage. Safety management
deficiencies are the key factor leading to the failure of prevention and control systems.
For instance, inadequate monitoring systems prevent the timely detection of precursor
information such as stress and microseismic activity, making it difficult for managers to
accurately assess risk conditions. This results in missed opportunities for prevention and
control, ultimately leading to accidents.

Motahhedi et al. [26] constructed a fault tree with 20 basic events to identify the critical
path to coal seam explosions. In contrast, the fault tree constructed in this study is more
systematic and comprehensive, encompassing basic events. During the construction of
fault trees, accident investigation reports serve as the basis for analyzing causal conditions
across different coal mining environmental systems, thereby ensuring the comprehensive-
ness and objectivity of basic events. The model constructed in this study clearly reveals
the evolutionary patterns and dominant factors of rock burst accidents in China, laying a
theoretical foundation for subsequent risk analysis. Given the diversity of mine geological
conditions and mining environments, the basic events in the model can be adjusted accord-
ingly in practical applications, thereby balancing its universal applicability with suitability
for specific scenarios.

It should be noted that the identified critical basic events were derived from rock
burst accident investigation reports of Chinese coal mines during 2010–2024; therefore, the
results mainly reflect the characteristics of rock burst accidents under China’s geological
conditions, mining practices, and safety management systems. China was selected as the re-
search context because its deep underground coal mining activities and relatively complete
accident investigation records provide a valuable basis for causal analysis and uncertainty
quantification. However, differences in mining conditions and accident reporting systems
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among countries may affect the distribution of causal factors. Due to the limited availability
and inconsistency of international accident data, this study did not include foreign cases,
which will be further addressed in future research through broader international datasets.

4.2. Fuzzy Analysis of the Occurrence Probability of Basic Events

We engaged a panel of 20 experts specializing in coal mine safety and rock burst
prevention, all of whom have substantial theoretical and practical expertise. These experts
represent research institutes, universities, coal mining enterprises, and safety regulatory
agencies, ensuring the comprehensiveness and authority of the evaluation data. During
the evaluation process, each expert independently assessed the likelihood of occurrence for
all 56 identified basic events based on professional judgment, with the evaluation criteria
outlined in Table 5. Subsequently, applying the fuzzy number aggregation method defined
by Equation (4), the fuzzy evaluations provided by 20 experts for the same basic event were
comprehensively computed to obtain an aggregated triangular fuzzy number representing
the consensus of the expert group.

After obtaining the aggregated fuzzy number, use the formula to calculate the failure
probability sequence (FPS) for each basic event. Finally, to get the required basic probability
values for each basic event at the nodes of the Bayesian network, we apply the formula
to process the computed FPS. All computational results from the aforementioned fuzzy
aggregation, FPS calculation, and final probability conversion are summarized in Table 7.

Table 7. Probability of the BEs.

No. The Aggregation of Fuzzy Numbers FPS Pf

X1 (0.7142, 0.8142, 0.8705) 0.7996 3.29 × 10−2

X2 (0.4937, 0.5937, 0.6895) 0.5923 9.30 × 10−3

X3 (0.5563, 0.6563, 0.7479) 0.6535 1.37 × 10−2

X4 (0.4868, 0.5868, 0.6868) 0.5868 8.97 × 10−3

X5 (0.4800, 0.5800, 0.6800) 0.5800 8.58 × 10−3

X6 (0.4795, 0.5795, 0.6753) 0.5781 8.48 × 10−3

X7 (0.4442, 0.5442, 0.6395) 0.5426 6.71 × 10−3

X8 (0.3911, 0.4911, 0.5911) 0.4911 4.69 × 10−3

X9 (0.4174, 0.5174, 0.6174) 0.5174 5.65 × 10−3

X10 (0.5000, 0.6000, 0.6932) 0.5977 9.63 × 10−3

X11 (0.3311, 0.4311, 0.5311) 0.4311 2.99 × 10−3

X12 (0.3416, 0.4416, 0.5416) 0.4416 3.25 × 10−3

X13 (0.4047, 0.5047, 0.6047) 0.5047 5.17 × 10−3

X14 (0.3058, 0.4000, 0.5000) 0.4019 2.36 × 10−3

X15 (0.4753, 0.5753, 0.6695) 0.5733 8.22 × 10−3

X16 (0.4979, 0.5979, 0.6979) 0.5979 9.64 × 10−3

X17 (0.5658, 0.6658, 0.7463) 0.6593 1.42 × 10−2

X18 (0.5095, 0.6095, 0.7095) 0.6095 1.04 × 10−2

X19 (0.5379, 0.6379, 0.7326) 0.6361 1.23 × 10−2

X20 (0.5305, 0.6305, 0.7168) 0.6260 1.15 × 10−2

X21 (0.4937, 0.5937, 0.6937) 0.5937 9.38 × 10−3

X22 (0.3784, 0.4726, 0.5726) 0.4746 4.16 × 10−3

X23 (0.3947, 0.4947, 0.5947) 0.4947 4.82 × 10−3

X24 (0.6268, 0.7268, 0.7963) 0.7167 2.05 × 10−2

X25 (0.5474, 0.6474, 0.7258) 0.6402 1.26 × 10−2

X26 (0.4711, 0.5711, 0.6626) 0.5682 7.95 × 10−3

X27 (0.5842, 0.6842, 0.7621) 0.6768 1.59 × 10−2
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Table 7. Cont.

No. The Aggregation of Fuzzy Numbers FPS Pf

X28 (0.6932, 0.7932, 0.8379) 0.7747 2.99 × 10−2

X29 (0.6463, 0.7463, 0.8074) 0.7333 2.28 × 10−2

X30 (0.5332, 0.6332, 0.7216) 0.6293 1.18 × 10−2

X31 (0.4989, 0.5989, 0.6816) 0.5932 9.35 × 10−3

X32 (0.4400, 0.5400, 0.6284) 0.5361 6.42 × 10−3

X33 (0.4937, 0.5937, 0.6711) 0.5861 8.93 × 10−3

X34 (0.6216, 0.7216, 0.7774) 0.7068 1.92 × 10−2

X35 (0.5889, 0.6889, 0.7726) 0.6835 1.66 × 10−2

X36 (0.6642, 0.7642, 0.8274) 0.7519 2.57 × 10−2

X37 (0.6032, 0.7032, 0.7711) 0.6925 1.76 × 10−2

X38 (0.5053, 0.6053, 0.6932) 0.6012 9.85 × 10−3

X39 (0.5642, 0.6642, 0.7405) 0.6563 1.40 × 10−2

X40 (0.5105, 0.6105, 0.6979) 0.6063 1.02 × 10−2

X41 (0.4984, 0.5984, 0.6942) 0.5970 9.58 × 10−3

X42 (0.4811, 0.5811, 0.6768) 0.5796 8.56 × 10−3

X43 (0.4589, 0.5589, 0.6589) 0.5589 7.48 × 10−3

X44 (0.6416, 0.7416, 0.8158) 0.7330 2.27 × 10−2

X45 (0.4442, 0.5389, 0.6389) 0.5407 6.62 × 10−3

X46 (0.5463, 0.6463, 0.7358) 0.6428 1.28 × 10−2

X47 (0.5542, 0.6542, 0.7437) 0.6507 1.35 × 10−2

X48 (0.5411, 0.6411, 0.7363) 0.6395 1.26 × 10−2

X49 (0.5216, 0.6216, 0.7158) 0.6196 1.11 × 10−2

X50 (0.4795, 0.5795, 0.6747) 0.5779 8.47 × 10−3

X51 (0.5311, 0.6311, 0.7258) 0.6293 1.18 × 10−2

X52 (0.5326, 0.6326, 0.7221) 0.6291 1.18 × 10−2

X53 (0.5089, 0.6089, 0.7089) 0.6089 1.03 × 10−2

X54 (0.5747, 0.6747, 0.7521) 0.6672 1.50 × 10−2

X55 (0.4426, 0.5426, 0.6342) 0.5398 6.58 × 10−3

X56 (0.3974, 0.4974, 0.5974) 0.4974 4.91 × 10−3

The calculated probabilities represent the estimated likelihood of occurrence of each
basic event associated with coal mine rock burst accidents during the study period of
2010–2024. These probabilities should be interpreted as expert-informed occurrence likeli-
hoods of causal factors under the accident scenarios investigated in this study, rather than
annual failure frequencies or unconditional probabilities of all coal mines.

After completing expert evaluations and probability calculations, to verify the reliabil-
ity of the obtained data, this study selected the critical basic event X1 (Coal rock possess
bursting liability) for independent validation. Based on expert fuzzy evaluations, the occur-
rence probability of X1 was 3.54 × 10−2. For comparative verification, we have compiled
objective statistical data indicating that the total number of registered mines nationwide
currently stands at approximately 4200. According to data publicly cited by Academician
Pan Yishan, 138 of these mines are classified as having rock burst hazards. Based on this
calculation, the objective statistical probability of Event X1 is approximately 3.29 × 10−2

(138/4200 ≈ 0.03286).
The comparison results show that the probability of occurrence X1 based on expert

judgment (3.54 × 10−2) is highly consistent with the result of 3.29 × 10−2 derived from
national objective statistical data, with a relative error of only 7.6%. In previous studies,
methods such as triangular fuzzy numbers have often been employed to address data
scarcity when empirical data are difficult to obtain [51,52]. However, in practical applica-
tions, most studies have only assigned subjective values without further validation through
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objective data [26,43]. By comparing objective and subjective data, this study concludes
with high consistency. This not only strongly supports the reliability of the expert evalua-
tion and fuzzy probability calculation methods employed in this study but also validates
the soundness of the research approach adopted. Based on the validation results and
considering the greater objectivity of statistical data, the occurrence probability of the X1
basic event is adjusted to 3.29 × 10−2 for all subsequent analyses.

4.3. Bayesian Network Analysis of Rock Burst Accidents

After completing the fault tree construction, this study converted the fault tree (FT)
into a Bayesian network (BN) based on the specific conversion logic and methods outlined
in Tables 2 and 3. The resulting Bayesian network model for the coal mine rock burst
fault tree is presented in Figure 7. Input the prior probabilities of each basic event into
the Bayesian network model. Upon running the model, the probability of the top event is
9.16 × 10−12.

Figure 7. Bayesian network for coal mine rock burst.

The advantage of Bayesian networks lies in their ability to express probabilistic depen-
dencies between events and perform reasoning under uncertainty. To effectively establish
this model and perform inferential analysis, this study employs GeNIe software as the
modeling and analysis platform. By leveraging the software’s forward and backward
reasoning capabilities—inferring the probability distribution of outcome variables from
known cause variables, and tracing back the probability distribution of cause variables
(hypotheses) from observed outcome variables (evidence)—it enables deeper quantitative
analysis of how each basic event influences the occurrence of the target event. This provides
a practical theoretical basis and strong decision-making support for the early warning and
prevention of coal mine rock burst.

To verify the impact of basic event completeness on the probability of top event, this
study conducted simulation analyses by introducing omitted basic events. The maximum
probability (0.0329) and minimum probability (0.0024) from the basic events, along with
the probability value (0.0112) obtained by averaging the probabilities of the middle 54 basic
events, are selected as the probability values for the omitted events. We input these
three values across the model’s five logical tiers. Subsequently, the Bayesian network was
used to compute the top-event probabilities for the logical “AND-gate” and “OR-gate”
configurations (see Table 8). Finally, we evaluated the relative error of these probabilities

https://doi.org/10.3390/modelling7040152

https://doi.org/10.3390/modelling7040152


Modelling 2026, 7, 152 17 of 30

by comparing them to the actual top-event probability of 9.16 × 10−12. The results of this
error analysis are given in Table 9.

Table 8. Probability shift in the top event.

NO.
0.0329 0.0112 0.0024

AND-Gate OR-Gate AND-Gate OR-Gate AND-Gate OR-Gate

1 3.01 × 10−13 3.01 × 10−13 1.03 × 10−13 — 2.20 × 10−14 —
2 3.01 × 10−13 — 1.03 × 10−13 — 2.20 × 10−14 —
3 — 1.51 × 10−11 — 1.12 × 10−11 — 9.60 × 10−12

4 9.16 × 10−12 1.35 × 10−11 9.16 × 10−12 1.06 × 10−11 9.16 × 10−12 9.48 × 10−12

5 8.96 × 10−12 1.12 × 10−11 8.96 × 10−12 9.84 × 10−12 8.96 × 10−12 9.31 × 10−12

Table 9. Relative error from actual value.

NO.
0.0329 0.0112 0.0024

AND-Gate OR-Gate AND-Gate OR-Gate AND-Gate OR-Gate

1 96.71% — 98.88% — 99.76% —
2 96.71% — 98.88% — 99.76% —
3 — 65.03% — 22.14% — 4.74%
4 0.00% 47.36% 0.00% 16.12% 0.00% 3.45%
5 2.18% 21.81% 2.23% 7.42% 2.25% 1.59%

The related studies have found that there exists an interactive effect among hierar-
chy, probability, and logic gates, which collectively influence the probability of the top
event [43,60]. Specifically, the AND-gate structure positioned near the top event demon-
strates high sensitivity to omissions of basic events across various probability categories.
The influence of the “OR-gate” structure gradually diminishes as the hierarchy decreases
and the probability declines. In contrast, the “AND-gate” structure (primarily when located
at the bottom layer) exhibits some immunity to interference from missed events.

In existing studies employing fault tree analysis to investigate failure causes, analysis
typically commences immediately after establishing the fault tree and basic events [43].
However, these studies rarely address whether other literature considers the omission of
basic events during fault tree construction, nor do they sufficiently explore the impact
of omitting basic events on the overall failure probability [67,68]. To this end, this study
employs simulation analysis by introducing omitted basic events, demonstrating that
comprehensive coverage of all basic events across all levels and logical gate structures is
essential to ensure the thoroughness and accuracy of causal analysis in investigating rock
burst accidents.

4.4. Importance of BEs

To calculate the importance metric for each basic event, this study forcibly sets the
state of each basic event to either occurred (BE = 1) or not occurred (BE = 0), and recalculates
the probability of the top event (TE) based on these states. Subsequently, five importance
metrics were calculated for each basic event: Birnbaum Importance (BI), Fussell–Vesely
(FV), Risk Reduction Worth (RRW), Risk Achievement Worth (RAW), and Risk Reduction
(RR) [69].

Importance indicators quantify the influence of basic events on the top event probabil-
ity, with higher importance indicating greater impact, thereby providing a scientific basis
for accident prevention. In this study, five key performance indicators are employed for
quantitative analysis. Although these measures share the same overall goal, they reflect
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distinct risk perspectives—such as sensitivity, contribution, risk reduction, risk increase,
and removal effectiveness—and may yield inconsistent rankings due to their different
mathematical definitions. In practice, safety management requires a multi-criteria assess-
ment that considers current contribution, intervention priority, and potential escalation;
hence, no single indicator is sufficient. To address this limitation, gray relational analysis is
adopted to integrate the ranking information from all five indicators and derive a more
balanced comprehensive priority. Table 10 presents the calculation results.

Table 10. Importance ranking of BEs.

NO.
BI FV RR RAW RRW

Final Rank
Vaule Rank Vaule Rank Vaule Rank Vaule Rank Vaule Rank

X1 2.79 × 10−10 3 1.00 1 9.16 × 10−12 1 30.40 4 +∞ 0 3
X2 1.83 × 10−10 11 1.86 × 10−1 7 1.70 × 10−12 7 20.77 5 1.23 6 8
X3 1.84 × 10−10 10 2.75 × 10−1 4 2.52 × 10−12 4 20.77 5 1.38 3 6
X4 1.83 × 10−10 12 1.80 × 10−1 8 1.64 × 10−12 8 20.77 5 1.22 7 9
X5 1.83 × 10−10 13 1.71 × 10−1 10 1.57 × 10−12 10 20.77 5 1.21 9 11
X6 1.83 × 10−10 14 1.69 × 10−1 11 1.55 × 10−12 11 20.77 5 1.20 10 13
X7 2.76 × 10−10 5 2.02 × 10−1 6 1.85 × 10−12 6 30.89 3 1.25 5 5
X8 2.75 × 10−10 7 1.41 × 10−1 16 1.29 × 10−12 16 30.89 3 1.16 15 14
X9 2.75 × 10−10 6 1.68 × 10−1 12 1.54 × 10−12 12 30.89 3 1.20 11 10
X10 2.77 × 10−10 4 2.90 × 10−1 3 2.65 × 10−12 3 30.89 3 1.41 2 4
X11 2.75 × 10−10 9 8.99 × 10−2 23 8.24 × 10−13 23 30.89 3 1.10 22 19
X12 2.75 × 10−10 8 9.60 × 10−2 20 8.79 × 10−13 20 30.89 3 1.11 19 16
X13 1.79 × 10−14 51 1.02 × 10−5 47 9.32 × 10−17 47 1.00 13 1.00 46 54
X14 3.89 × 10−14 50 1.02 × 10−5 47 9.32 × 10−17 47 1.00 12 1.00 46 53
X15 1.14 × 10−14 52 1.02 × 10−5 47 9.32 × 10−17 47 1.00 14 1.00 46 55
X16 9.71 × 10−15 53 1.02 × 10−5 47 9.32 × 10−17 47 1.00 15 1.00 46 56
X17 1.34 × 10−10 15 2.07 × 10−1 5 1.90 × 10−12 5 15.39 6 1.26 4 7
X18 1.33 × 10−10 18 1.51 × 10−1 15 1.39 × 10−12 15 15.39 6 1.18 14 17
X19 1.34 × 10−10 16 1.79 × 10−1 9 1.64 × 10−12 9 15.39 6 1.22 8 12
X20 1.33 × 10−10 17 1.67 × 10−1 13 1.53 × 10−12 13 15.39 6 1.20 12 15
X21 1.33 × 10−10 19 1.37 × 10−1 17 1.25 × 10−12 17 15.39 6 1.16 16 20
X22 1.32 × 10−10 21 6.07 × 10−2 34 5.56 × 10−13 34 15.39 6 1.06 33 33
X23 1.33 × 10−10 20 6.94 × 10−2 28 6.36 × 10−13 28 15.39 6 1.07 27 27
X24 3.37 × 10−11 36 7.53 × 10−2 26 6.90 × 10−13 26 4.60 8 1.08 25 30
X25 3.37 × 10−11 36 7.53 × 10−2 26 6.90 × 10−13 26 4.60 8 1.08 25 30
X26 3.32 × 10−11 45 2.87 × 10−2 44 2.63 × 10−13 44 4.60 8 1.03 43 48
X27 3.35 × 10−11 40 5.82 × 10−2 35 5.33 × 10−13 35 4.60 8 1.06 34 42
X28 3.40 × 10−11 33 1.11 × 10−1 18 1.02 × 10−12 18 4.60 8 1.12 17 22
X29 3.38 × 10−11 35 8.40 × 10−2 24 7.70 × 10−13 24 4.60 8 1.09 23 28
X30 3.34 × 10−11 41 4.30 × 10−2 39 3.94 × 10−13 39 4.60 8 1.04 38 44
X31 3.33 × 10−11 43 3.38 × 10−2 41 3.10 × 10−13 41 4.60 8 1.03 40 46
X32 3.32 × 10−11 46 2.32 × 10−2 45 2.12 × 10−13 45 4.60 8 1.02 44 49
X33 3.33 × 10−11 44 3.23 × 10−2 43 2.96 × 10−13 43 4.60 8 1.03 42 47
X34 3.36 × 10−11 37 7.05 × 10−2 27 6.46 × 10−13 27 4.60 8 1.08 26 34
X35 3.35 × 10−11 39 6.08 × 10−2 33 5.57 × 10−13 33 4.60 8 1.06 32 39
X36 3.39 × 10−11 34 9.49 × 10−2 21 8.70 × 10−13 21 4.60 8 1.10 20 24
X37 3.36 × 10−11 38 6.45 × 10−2 31 5.91 × 10−13 31 4.60 8 1.07 30 36
X38 3.33 × 10−11 42 3.56 × 10−2 40 3.26 × 10−13 40 4.60 8 1.04 39 45
X39 6.16 × 10−11 24 9.41 × 10−2 22 8.63 × 10−13 22 7.63 7 1.10 21 23
X40 6.14 × 10−11 27 6.83 × 10−2 30 6.26 × 10−13 30 7.63 7 1.07 29 32
X41 6.13 × 10−11 28 6.43 × 10−2 32 5.89 × 10−13 32 7.63 7 1.07 31 35
X42 6.13 × 10−11 29 5.75 × 10−2 36 5.27 × 10−13 36 7.63 7 1.06 35 37
X43 6.12 × 10−11 30 5.01 × 10−2 37 4.59 × 10−13 37 7.63 7 1.05 36 38
X44 6.22 × 10−11 22 1.54 × 10−1 14 1.41 × 10−12 14 7.63 7 1.18 13 18
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Table 10. Cont.

NO.
BI FV RR RAW RRW

Final Rank
Vaule Rank Vaule Rank Vaule Rank Vaule Rank Vaule Rank

X45 6.12 × 10−11 31 4.40 × 10−2 38 4.04 × 10−13 38 7.63 7 1.05 37 40
X46 1.61 × 10−11 48 2.26 × 10−2 46 2.07 × 10−13 46 2.74 10 1.02 45 51
X47 1.53 × 10−11 49 2.26 × 10−2 46 2.07 × 10−13 46 2.65 11 1.02 45 52
X48 1.64 × 10−11 47 2.26 × 10−2 46 2.07 × 10−13 46 2.77 9 1.02 45 50
X49 8.07 × 10−10 2 9.77 × 10−1 2 8.96 × 10−12 2 88.08 2 44.3 1 2
X50 1.05 × 10−9 1 9.77 × 10−1 2 8.96 × 10−12 2 115.01 1 44.3 1 1
X51 6.15 × 10−11 25 7.92 × 10−2 25 7.25 × 10−13 25 7.63 7 1.09 24 25
X52 6.15 × 10−11 25 7.92 × 10−2 25 7.25 × 10−13 25 7.63 7 1.09 24 25
X53 6.14 × 10−11 26 6.90 × 10−2 29 6.32 × 10−13 29 7.63 7 1.07 28 29
X54 6.17 × 10−11 23 1.01 × 10−1 19 9.25 × 10−13 19 7.63 7 1.11 18 21
X55 6.12 × 10−11 31 4.40 × 10−2 38 4.04 × 10−13 38 7.63 7 1.05 37 40
X56 6.10 × 10−11 32 3.26 × 10−2 42 2.99 × 10−13 42 7.63 7 1.03 41 43

Note: The “+∞” value of RRW occurs because the denominator in the calculation is zero, indicating that the
relative risk weight tends to infinity.

Based on the comprehensive importance ranking results, among the top fifteen basic
events, geological conditions accounted for 8 items (53.33%), mining technology factors
accounted for 4 items (26.67%), and safety management factors accounted for 3 items
(20%). The top two factors, X50 and X49, along with the third factor X1, all relate to
geological conditions; X10 and X7 pertain to mining techniques; while X17, X19, and
X20 correspond to management-related factors such as the absence of a mine pressure
monitoring system, inaccurate monitoring results, and inadequate hazard identification,
and it is evident from the analysis that more emphasis should be placed on monitoring
in future safety management. It is important to recognize that geological conditions
are formed through natural processes spanning hundreds of millions of years and are
challenging to alter artificially; mining technologies are constrained by the level of scientific
and technological development, with limited room for improvement in the short term; while
safety management factors have been demonstrated as the key entry point for enhancing
coal mine safety production standards [25,29,30].

In the systematic analysis of rock burst accidents, scientifically evaluating the impact
of basic events (BEs) on top events (TE) forms the foundation for identifying key causative
factors and developing prevention and control strategies. Regarding BE importance analy-
sis, Li et al. [43] employed a simple summation of different importance indicators to derive
a composite importance metric in their study on the probability of explosions in aluminum
production [43]. This method is prone to introducing bias. To integrate multidimensional
information more scientifically, this study adopts the gray relational analysis method
and constructs a comprehensive evaluation framework based on multifaceted importance
indicators (BI, FV, RRW, RAW, RR). This method does not rely on strong distributional
assumptions and can effectively handle decision-making scenarios with small samples and
incomplete information. It calculates the gray relational degree between the rankings from
different importance indicators and an “ideal ranking,” enabling the systematic integration
of multi-dimensional metrics. This approach not only overcomes the one-sidedness and
subjectivity inherent in traditional single-perspective or simple additive methods but also
provides a more scientific and comprehensive methodological foundation for identifying
the true critical causes of rock burst accidents.

4.5. Sensitivity Analysis of the Proposed Framework

Since the proposed framework integrates expert knowledge and fuzzy probability
estimation, uncertainties associated with expert judgment and incomplete accident infor-
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mation may affect the final risk assessment results. Therefore, sensitivity analyses were
conducted to evaluate the robustness of the proposed model under different uncertainty
scenarios. Detailed adjusted triangular fuzzy numbers, expert weights, and the complete
ranking results of basic events are listed in Supplementary Tables S1–S3.

First, the uncertainty of triangular fuzzy numbers was examined by reducing the fuzzy
intervals by 20%. This scenario represents a situation where expert evaluations become
more concentrated and the uncertainty range of basic event probabilities decreases. As
shown in Table 11, the calculated top-event probability was 1.02 × 10−11, corresponding to
a relative deviation of 11.52% from the baseline result. Meanwhile, the Spearman correla-
tion coefficient between the original and perturbed importance rankings reached 0.9936,
indicating that the reduction in fuzzy intervals had limited influence on the identification
of critical risk factors.

Table 11. Sensitivity analysis of the proposed framework under different uncertainty scenarios.

Scenario Perturbation Strategy Top Event
Probability Relative Error (%) Spearman

Coefficient
Consistency of
Top-5 Factors

Baseline Original model 9.16 × 10−12 — — —
S1 TFN perturbation 1.02 × 10−11 11.52 0.9936 Unchanged
S2 Expert weight perturbation 8.72 × 10−12 4.83 0.9944 Unchanged
S3 Combined perturbation 9.82 × 10−12 7.16 0.9941 Unchanged

Second, the influence of expert weight uncertainty was investigated. Considering that
experts with higher contributions may introduce greater impacts on the evaluation results,
the weights of the top 25% experts were increased by 10% and subsequently normalized.
The top-event probability under this scenario was 8.72 × 10−12, with a relative error of
4.83%. The Spearman coefficient was 0.9944, demonstrating that moderate variations in
expert importance did not significantly alter the ranking stability.

Finally, this study evaluates the combined impact of fuzzy interval variations and
the uncertainty of expert weights. The combined perturbation resulted in a top-event
probability of 9.82 × 10−12, with a relative error of 7.16%. The Spearman coefficient
remained as high as 0.9941, suggesting that the proposed framework maintained strong
robustness even under simultaneous uncertainty conditions.

Overall, all perturbation scenarios resulted in Spearman correlation coefficients higher
than 0.99, indicating that the ranking of critical risk factors was highly consistent with
the original model. Furthermore, by comparing the gray relational analysis results under
different perturbation scenarios, it was found that the top five basic events with the highest
comprehensive importance remained unchanged. This indicates that the proposed frame-
work is capable of reliably identifying dominant risk factors even when uncertainty exists
in expert preferences and fuzzy probability characterization.

It should be noted that the transformation from fault trees to Bayesian networks in
this study adopts deterministic logical relationships for intermediate events, where logical
gates are represented using binary conditional probability tables. This treatment follows
conventional FTA-BN modeling practices and aims to preserve the causal structure derived
from accident investigation reports. In contrast, uncertainties in this study are mainly
characterized through fuzzy probability estimation of basic events and expert weighting.

Nevertheless, deterministic logical assumptions may simplify the uncertainty asso-
ciated with causal transmission among intermediate events. Future studies can further
incorporate probabilistic logical gates or noisy-OR/AND models to investigate structural
uncertainty in accident evolution networks.
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4.6. Bow-Tie Analysis of X20

The bow-tie model is a systematic risk assessment methodology centered on critical
basic events, employing a bidirectional analysis approach. During the model construction,
the left side systematically identifies potential causal factors using fault tree analysis
(FTA), while the right side simulates possible cascading consequences through event tree
analysis (ETA). The overall structure forms a symmetrical bow-tie configuration. This model
categorizes risk factors into three modules: critical basic events are positioned at the central
node; the left module employs deductive reasoning to trace various foundational risk
factors, including underlying causal elements such as management deficiencies and human
error; the right module represents the potential sequence of consequences, encompassing
multidimensional impacts including personnel safety and property loss [49,70]. For risk
management, the model incorporates a dual-layer protection mechanism: preventive
controls are configured on the causal analysis side to block accident trigger pathways
through technical means; mitigation strategies are deployed on the consequence analysis
side to reduce the impact of accidents via emergency response and remedial actions.
This phased, multi-tiered protection system forms a comprehensive, three-dimensional
prevention network spanning the entire risk lifecycle.

Given that inadequate hazard identification is highly ranked among basic safety
management events, it has been selected as the focal point for nodal analysis. Inadequate
hazard identification is one of the core factors triggering coal mine rock burst accidents. Its
impact extends beyond directly causing accidents; it also amplifies the destructive force and
response complexity of accidents through chains of hidden risk accumulation and warning
system failure. The impact of inadequate hazard identification on rock burst accidents
is systemic: from risk accumulation to incident triggering, from damage amplification to
emergency response failure, and ultimately to management collapse—each link in the chain
is inextricably connected. This also validates the safety principle that potential hazards are
accidents waiting to happen. For sudden and highly destructive disasters like rock burst,
the comprehensiveness and precision of inspections directly influence the likelihood of
accidents occurring.

Systematically analyze the causes and consequences of inadequate hazard identifi-
cation and establish corresponding preventive measures. As shown in Figure 8, the fault
tree analysis on the left side of the node focuses on the fundamental drivers of inadequate
hazard identification, covering five contributing factors. The event tree analysis on the
right side illustrates the three consequences triggered by inadequate hazard identification.
The model also provides targeted preventive control measures and mitigation response
plans. Node analysis results indicate that optimization measures can significantly reduce
the risk of rock burst accidents caused by inadequate hazard identification.

In the field of coal mine accident research, Tian et al. [38] employed GT and CBR
methodologies to conduct a multidimensional analysis of the causes and safety counter-
measures for coal mine accidents. Their examination of rock burst accidents specifically
identified “inadequate safety supervision” as a risk factor. However, their study did not
delve deeply into the causal mechanisms and consequences of specific hazard factors. Li
et al. [71] emphasized the significant impact of inadequate technical management among
the management factors in their study of coal mine gas explosion accidents, yet similarly
failed to provide specific elaboration or in-depth analysis on this issue. This study focuses
on rock burst accidents and introduces the bow-tie analysis method. Using the basic event
X20 (inadequate hazard identification) as an example, it employs deductive reasoning to
map its cause chain and consequence chain systematically. Based on this analysis, the study
proposes more targeted preventive control measures and post-event mitigation strategies.
This analysis demonstrates that coal mining enterprises can leverage the bow-tie model
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to construct a systematic risk prevention and control framework integrating preemptive
prevention with post-event mitigation, thereby providing structured, end-to-end strategic
support for the governance of rock burst risks.

Figure 8. Bow-tie model of X20.

4.7. Chaos Analysis of Rock Burst Accidents

In nonlinear systems, a minute error in a certain factor can, under appropriate condi-
tions, produce an exponential amplification effect through positive feedback mechanisms.
In actual production processes, due to the inevitable interference of external factors on
the system, minor errors at the initial moment can be amplified over time, leading to
unpredictable consequences. As shown in Figure 9, the direction of the arrows indicates
that the latter factor influences the former factor. Minor inconsistencies in safety rewards
can be amplified through positive feedback loops within the complex coal mining system.
This initially affects miners’ physical and mental state underground, potentially causing
complacency and distracted attention, which in turn fosters unsafe behaviors. Ultimately,
through the interplay of systemic factors, these issues can escalate into rock burst accidents.
This demonstrates that even slight variations in safety incentives may lead to unpredictable
shifts in accident outcomes. The butterfly effect reveals the immense potential impact
of minute changes: for instance, the slight flutter of a butterfly’s wings in the Amazon
rainforest could theoretically trigger a tornado in TX, USA. More crucially, even the slightest
variation in that wing flutter might alter the tornado’s path.
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Figure 9. Chaos theory model of rock burst accidents.

On 20 October 2018, a major rock burst incident occurred in the drainage tunnel and
No. 3 connecting tunnel of the 1303 working face at Shandong Longyun Coal Industry
Co., Ltd., a subsidiary of Shandong Energy Longkou Mining Group. The accident resulted
in 21 fatalities and 4 injuries [4]. The following factors contributed to this rock burst
incident. First, the accident area exhibited high self-weight stress, meeting both the stress
conditions and propensity for rock burst occurrence. Second, the disturbance caused by
tunneling and rib pressure-relief drilling operations. Third, inadequate implementation
of individual protective measures at Longyun Coal Mine. Fourth, untimely revisions to
Longyun Coal Mine’s rock burst prevention regulations. Fifth, the safety training and
education on rock burst prevention at Longyun Coal Mine proved ineffective. Sixth, the
technical supervision and inspection of rock burst prevention measures were inadequate.
Seventh, the Coal Administration failed to assign adequate priority to safety oversight for
rock burst prevention and control. These factors interact and amplify one another, thereby
triggering rock burst accidents.

This study conducts a thematic analysis on the safety management dimensions of
rock burst. Through a comprehensive importance ranking of 22 fundamental safety man-
agement events, the top five critical factors identified are: X17 (failure to establish a mine
pressure monitoring organization), X19 (inaccurate mine pressure monitoring results),
X20 (inadequate hazard investigation), X18 (inability to understand rock mass movement
patterns), and X21 (inadequate coal mine supervision). Research indicates that manage-
ment oversights not only constitute risk sources in themselves but also interact with other
technical factors. Under positive feedback mechanisms, these interactions significantly
amplify the overall instability of the system, thereby triggering accidents. This process
of multi-factor coupled amplification profoundly demonstrates the mechanism of the
“butterfly effect” in nonlinear systems: a minute deviation in initial conditions, through
dynamic interactions and cascading amplification within the system, ultimately leads to
catastrophic consequences.

In previous studies, analyses of the causes of coal mine safety accidents have primarily
focused on engineering and technical aspects such as geological conditions [72], mining
activities [73,74], and equipment factors [75,76]. In their research, Pan et al. [25] highlighted
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the critical role of safety management. They argued that, as a systems engineering task
influenced by multiple coupled factors, effective prevention and control must be grounded
in scientific management practices throughout all mining operations. In his research on
rock burst risk assessment, Liu et al. [28] developed a multi-level fuzzy comprehensive
evaluation model encompassing three primary influencing factors: geological conditions,
mining techniques, and safety management. However, regarding the safety management
factor, he only mentioned three secondary influencing factors—monitoring and early
warning, personnel training, and emergency response plans—without conducting an
in-depth analysis. While these studies have indeed revealed some of the underlying
mechanisms of coal mine safety accidents, they have not yet fully incorporated the critical
element of management. Nor have they adequately explained how the interplay of multiple
factors leads to nonlinear amplification. Building upon existing research, this study further
incorporates management factors into the analytical framework, focusing on examining
the complex coupling relationships among the four major subsystems: geology, mining,
equipment, and management. This study argues that coal mining enterprises should
place management factors and technical factors on equal footing, emphasize the coupling
mechanisms between them, establish a comprehensive risk management system covering
the entire process, pay attention to every stage of production, and comprehensively enhance
their capacity to prevent and control systemic risks.

In this study, chaos theory is introduced as a conceptual framework to explain the
nonlinear amplification mechanism of multi-factor interactions rather than as a quantitative
dynamic modeling tool. Due to the lack of continuous monitoring time-series data, chaos-
related quantitative parameters cannot be directly calculated. Future research should
combine dynamic monitoring datasets with nonlinear system identification methods to
quantitatively characterize the evolution trajectory of rock burst hazards.

4.8. Analysis of an Integrated Accident Causation Model for Rock Bursts

The integrated accident model is a systematic analytical framework that synthesizes
multidisciplinary theories, multi-factor interaction mechanisms, and dynamic evolutionary
patterns. Its core lies in explaining the accident causation mechanisms within complex
systems. Figure 10 presents a comprehensive theoretical model for rock burst accidents.
This model transcends the limitations of single-factor or linear causality. It conceptualizes
rock burst accidents as a systemic failure resulting from the dynamic coupling of human,
machine, environmental, and management subsystems. In this view, accidents occur
when persistent abnormal disturbances accumulate beyond the system’s resilience or
fault-tolerance capacity.

The occurrence of rock burst accidents represents a classic case of the comprehensive
accident model in terms of its causal mechanism. It represents the result of progressive
interactions among multiple-level factors, encompassing the entire chain from foundational
conditions to direct triggers and subsequent impacts. Specifically, the model categorizes
incentives into three progressively interconnected tiers: Fundamental causes include geo-
logical conditions, sociocultural factors, national policies, and regional economies, which
collectively create underlying environmental and social risks that may lead to accidents.
Indirect causes are rooted in socio-organizational factors and encompass organizational
dysfunction, structural flaws, procedural gaps, poor management, a weak safety culture,
and inadequate training. These factors intertwine to create underlying risks that contribute
to accidents. The direct cause is the trigger point of the accident, primarily encompassing
unsafe human behaviors (such as violating operating procedures), unsafe conditions of
objects, and sudden environmental changes. These triggering factors directly cause rock
burst accidents and may even induce secondary disasters with greater hazards, such as gas
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out burst, coal dust explosions, and surface subsidence. Furthermore, the organizational
errors underlying rock burst accidents stem from societal factors, while specific hazards are
often triggered by unintended contact between personnel and objects. The entire evolution
of a rock burst incident fully demonstrates the dynamic coupling pathway from root causes
to direct triggers.

Figure 10. Integrated accident model of rock burst accidents.

In the field of coal mine safety research, existing literature predominantly focuses on
the direct causes of accidents, such as unsafe human behavior [28,29] and unsafe equip-
ment conditions [30,31]. While such studies reveal the surface-level mechanisms triggering
accidents, they struggle to systematically explain the deeper structural causes underlying
them. Building upon this research framework, this study introduces the integrated accident
system theory as an analytical model. It extends the perspective beyond direct trigger-
ing factors to encompass underlying social, organizational, and managerial dimensions,
thereby constructing a three-tiered explanatory pathway: foundational, indirect, and direct.
By systematically revealing the structural deficiencies in social systems, organizational
operations, and management practices that contribute to rock burst accidents, this study
not only addresses the shortcomings of traditional analyses in examining underlying causes
but also fundamentally expands the boundaries of understanding regarding the origins of
rock burst accidents. This theoretical advance helps move beyond fragmented, isolated
identification of causes, providing the basis for a multi-tiered and inclusive management
system for rock burst control.
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5. Conclusions
This study integrates fuzzy probability theory with gray relational analysis, incorpo-

rating the bow-tie model, chaos theory, and the comprehensive accident model to construct
a composite analytical framework for systematically evaluating the full-process risks of
rock burst accidents. Key findings are as follows:

First, fuzzy methods based on expert judgment yielded probability data for each basic
event in rock burst accidents. This data can be utilized for quantitative risk analysis of
rock burst occurrence. By establishing an FT-BN model comprising 56 basic events (BEs)
and 22 intermediate events, the causal relationships of rock burst accidents were analyzed,
yielding a calculated probability of 9.16 × 10−12 for the occurrence of a top event (TE).

Second, the comprehensive importance index for each basic event was calculated
through gray relational analysis, systematically evaluating the influence of each ba-
sic event on the top event by comprehensively considering different aspects of the
basic events. The comprehensive importance ranking for management aspects is
X17 > X19 > X20 > X18 > X21, indicating that basic events X17, X19, and X20 contribute
most significantly to the occurrence of rock burst accidents in terms of management. There-
fore, these three basic events should be the primary focus of safety measures for rock
burst prevention.

Third, this study employs the bow-tie model for the first time to analyze the inadequate
investigation of key fundamental hazards. The left side of the model outlines 11 preventive
safety measures, while the right side details 10 mitigating safety measures, each dedicated
to preventing accidents from occurring and reducing their consequences, respectively.

Fourth, research findings based on chaos theory reveal that rock burst accidents
exhibit sensitivity and inherent randomness, necessitating consideration of risk factors
during the initial stages to prevent such accidents. Rock burst accidents result from the
mutual coupling and exponential amplification of failures within subsystems such as
personnel, equipment, environment, and management. Preventing rock burst accidents
requires addressing these vulnerabilities. Comprehensive theoretical models indicate that
organizational errors in rock burst accidents stem from societal factors. Governments
should establish regulations and controls through national policies, statutes, and laws
to prevent coal mining enterprises from neglecting safety production strategies, thereby
averting rock burst accidents.

Although this study developed a composite analytical model for systematically eval-
uating the full-process risks of rock burst accidents and conducted empirical research
based on 22 domestic accident investigation reports from 2010 to 2024, the following
limitations remain:

First, the data has temporal and spatial limitations, as all cases are drawn from Chinese
coal mines after 2010. This deeply roots the model within China’s specific geological
conditions, technological capabilities, and safety management systems. The applicability
of the research findings to other mining-developed countries and regions requires further
validation. In the future, it will be possible to collect and analyze international rock burst
accident cases, conducting cross-regional and cross-cultural comparative studies to validate
and refine existing models, thereby distilling more universally applicable patterns of rock
burst causation.

Second, although we introduced chaos theory to conceptually elucidate the dynamic
characteristics of rock burst systems—such as sensitivity to initial conditions and long-term
unpredictability—this qualitative insight has not been fully and quantitatively integrated
into the core probabilistic model. Subsequent research may establish a dynamic risk
assessment system featuring a computational architecture based on dynamic Bayesian
networks and system dynamics, driven by multi-source monitoring data, and incorporating
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quantified chaos indicators as criteria for system stability. This approach would facilitate
the transition from static risk assessment to continuous evolutionary simulation, thereby
providing a theoretical foundation and engineering application platform for precise early
warning and prevention decisions regarding rock burst hazards.

Third, while the control barriers on the right side of the bow-tie diagram are listed,
their reliability, availability, and susceptibility to human factors in actual production are
difficult to quantify precisely. The model assumes these barriers function flawlessly when
needed, but this falls short of the complex realities of downhole operations. In the future,
human reliability analysis techniques can be more systematically integrated into the model
to quantify the probability of human errors under different operational scenarios and
organizational atmospheres. This will enable risk assessments to more accurately reflect
the overall risk of the human–machine–environment–management system.
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LSTM-RNN Long short-term memory recurrent neural network
CNN Convolution neural network
FTA Fault tree analysis
BN Bayesian network
DAG Directed acyclic graph
CPT Conditional probability table
FT-BN Fault tree-Bayesian network
BE Basic event
FPS Fuzzy possibility score
WMOM Weighted mean of maximums
TE Top event
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BI Birnbaum importance
FV Fussell–Vesely
RR Risk reduction
RAW Risk achievement worth
RRW Risk reduction value
ETA Event tree analysis
GT Grounded theory
CBR Case-based reasoning
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