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SUMMARY: To address the issues of low efficiency in identifying safety hazards and weak 

targeted risk prevention during directional drilling operations in coal mines, this paper 

constructs a safety hazard identification model integrating text mining, probabilistic prediction, 

and association analysis. First, the native training task of the BERT model is enhanced by 

proposing a pre-trained language model for the coal mine safety domain based on DP-MLM 

and SOP. Second, a Markov model is employed to predict the probability of hazard occurrence, 

quantifying the state transition process of the hazard monitoring system. An enhanced MM-

Apriori algorithm effectively uncovers latent associations within hazard transactions. Case 

analysis reveals strong association rules and risk assessments. “HSE Management => Absent” 

is the management principle that possesses a support value of 0.7353, while “Inspection => 

Inadequate” has a support value of 0.7186. “Non-compliance => Not” and “Not => Non-

compliance” are related bidirectionally, with the former having a support rate of 0.4923, while 

the latter has a support rate of 0.3882. The lack of strict technical standards and operational 

processes in relevant units or the neglect of technical standards by construction workers can 

affect the quality of construction and cause safety accidents. 
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1 Introduction 

With the process of China becoming an industrial giant, continuous fast development of its 

economy and society has resulted in the steady increase in the country's annual requirement of 

mineral resources. This, in turn, has increased the significance attributed to the processes of 

mining [1-3]. According to Anjian, W et al. [4], over the last 70 years, the mineral resources 

consumed in China were calculated, and it was found that mineral consumption will reach its 

peak in 2025. The mineral resources consumption will start its period of rapid growth, and 

China will not be able to change the mineral resources consumption trend until 2035. Wen, B 

et al. [5] have noted the fast increase in China's mineral resources consumption since 2000, and 

have systematically analyzed the mineral resources demand by 2035. According to their results, 

the mineral resources demand in China will transit from a high-speed growth stage to a 
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differentiated growth stage. Directional drilling is a technology used during mining to extract 

predetermined geological deposits through careful control of the trajectory of drill. It is widely 

utilized when conducting research in complicated terrains [6, 7]. However, many of China's 

mineral deposits have yet to be used due to dangers which often occur while working with 

directional drilling operations [8, 9]. The hazards not only pose a threat to the life of miners 

but also can cause environmental pollution resulting in disruption of the ecosystem balance [10, 

11]. Thus, safety risks identification and prevention during directional drilling are crucial 

processes. 

There exist many dangers in mines, among which the most common include gas explosions 

and gas leakage, together with landslides. Gas explosions are considered as the biggest danger 

in mining activities. The strong destructiveness of gas explosions affects not only the buildings 

inside mines but even causes some subsequent disasters, like landslide [12-14]. As Yin et al. 

[15] pointed out, gas explosion is an important category among mining accidents that poses 

serious threats to miners' safety and life. They suggested that a reduction in gas explosions 

requires a solution to problems in terms of human factors related to these accidents. According 

to Lin et al. [16], there happen frequently large-scale coal mine gas explosions (CMGE) which 

cause massive losses. They stated the necessity to analyze accident reports concerning CMGE 

and identify the characteristics of CMGE causes along with patterns in those. For the prevention 

of gas explosions, one should improve ventilation system by regularly monitoring gas 

concentration and fitting methane leak alarm devices inside mines. Such measures could enable 

miners to respond immediately once gas explosions occur [17, 18]. Lei et al. [19] stressed the 

necessity of determining the location and time of gas explosion occurrence inside mines. For 

this purpose, they used the Particle Swarm Optimization algorithm to establish the non-steady-

state flow model of catastrophic gas transportation in ventilation network of mines. In such a 

way, they managed to successfully determine the source location and timing. 

The stability of mountain body during mining process is an important problem. Directional 

drilling in mining may result in the loss of supporting force from the surrounding soil, thus 

leading to a higher possibility of collapse [20, 21]. The research conducted by Cui, X et al. [22] 

offered an evolutionary model for sudden surface collapse caused by partial mining of shallow 

depth. The proposed model was verified by “similar material simulation”, which can discover 

the potential hazards of sudden surface collapse. Two types of coal mining technology—open-

pit mining and underground mining were introduced by Ullah, M. et al. [23], together with 

possible risks of high temperature, humidity, and harmful gases when mining coal underground. 

It highlighted the importance of taking some risk reduction measure during underground mining. 

Otherwise, there would be serious consequences including mine closure and miner casualty, 

even leading to some geological disasters which may put the nearby people at risk [24, 25]. 

Shao, L. [26] analyzed the present condition of areas extracting mineral resources and 

concluded several natural hazards such as mudslide, landslide, and fissure resulted from heavy 

mineral extraction. Studies have shown that ground subsidence resulting from fissure occupies 

the biggest affected area, followed by mudslide and landslide, which have great hazards to 

human beings. According to Dontala, S.[27], coal mining is considered the most polluted 

process in the lifecycle of coal while open-pit mining involves substantial use of land, thus 

leading to various environmental problems. This emphasizes the necessity to implement 

measures aimed at minimizing negative environmental consequences during modern mining 

activities. To avoid the above-mentioned incidents, mines have to improve their geological 

surveys, hydrogeological investigations, as well as regularly inspect mine drainage systems in 

order to keep water flow uninterrupted [28-30]. According to Fang, L. et al. [31], mining 

operations do not only cause substantial subsidence but also pose serious threats to sustainable 
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economic development and environmental protection in mining regions. In order to identify, 

assess, and predict current hazardous situations, authors used a metal mine as an example and 

found out how subsidence causes certain risks, identified formation mechanisms and risks, and 

suggested some remedial actions. Apart from the discussed above, there are other hazards in 

mining activities, including failure of mining machinery due to aging as well as inadequate 

miners' awareness about safety issues and mining operations. To ensure smooth drilling 

operations, it is necessary to pay attention to hazard identification and preventive measures [32-

35]. 

At the initial stage, an external terminology dictionary and whole-word masking approach 

will be applied for improving semantic understanding of text. Markov models will be used to 

estimate probability of hazardous occurrences based on transition matrices. Concepts and 

support matrices will optimize the process of finding frequent items sets, whereas Kulc and IR 

techniques will filter significant association rules. The proposed method will be tested using 

real-life cases from different companies in city S by filling in the data, analyzing trends and 

probabilities of certain events, identifying risks, and revealing association rules. As a result of 

applying the model, technical risks in mine directional drilling can be recognized. 

2 Development of a Coal Mine Hazard Identification Model 

Directional drilling technology is an essential technical approach for many critical operations, 

such as gas extraction, water control, and geological investigation in coal mines. Nevertheless, 

due to the complicated construction environment, high technical requirements, inadequate 

underground working spaces, and various geological conditions, directional drilling technology 

in coal mines is prone to pose serious safety risks, including gas outburst, borehole collapse, 

and mechanical breakdowns, which will endanger the life of miners and disrupt the normal 

mining operation procedure. Thus, this paper attempts to investigate the safety hazards and risk 

prevention of directional drilling operations in coal mines, proposing a risk identification model 

and preventive strategy for directional drilling operations. 

2.1 Safety Hazard Text Pre-training 

In order to comprehensively extract text information about safety hazards in coal mines, this 

paper designs a domain pre-training language model based on a modification to the native 

BERT language training tasks, involving the learning of text feature at the domain word 

masking level and the sentence sequence prediction modeling level. Here, this paper introduces 

this pre-trained language model and its specific network architecture. 

2.1.1 Model Training 

The original BERT language model involves two basic pre-training objectives, one of which is 

Masked Language Modeling (MLM), which is a word-level text feature learning task. There 

are two steps in this process: firstly, some arbitrary words in the input text are randomly replaced 

with "[MASK]" to get text masking; Secondly, according to the context formed by those words 

that are not masked in the sentence, predict the masked word. 

The MLM pre-training objective is illustrated in Figure 1. When processing the input text 

“working face cutout coal wall side,” the model performs tokenization on the text and then 

conducts further segmentation based on a predefined vocabulary list, converting the text into a 

sequence of tokens. Next, the tokens are fed into the Transformer encoder to obtain 

corresponding encoded vectors. The encoded vector corresponding to the “MASK” token is 

then input into the SoftMax classifier to obtain the mapped predicted vocabulary index value. 
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Finally, the predicted character is determined based on the corresponding index value in the 

vocabulary list. 

Predict the character (face) 

corresponding to [MASK]

The index value of the 

Vocab glossary

SoftMax classifier

        

Transformer Encoder

[CLS] [Gong] [Zuo] [MASK] [Qie] [Yan] [Mei] [Bi]

Cut the coal wall of the working face
 

Figure 1: Example of MLM Pre-training Objective 

Under this pre-training objective, the model can learn the lexical patterns and contextual 

semantic features of words in the current language. However, it is not suitable for coal mine 

safety hazard text corpora. Through in-depth analysis, the MLM pre-training objective exhibits 

shortcomings when learning knowledge features from coal mine safety hazard texts, primarily 

due to two factors: First, the current approach employs masking individual Chinese characters, 

which adversely affects the learning of semantic features for complete words; Second, domain 

terminology words are densely distributed within coal mine safety corpora. Continuing with the 

MLM learning approach would result in significant loss of critical lexical knowledge. 

To address this, Domain-Specific Terminology Masked Language Modeling (DP-MLM) is 

proposed. This method directly predicts masked terminology words using context, establishing 

a training objective for masked prediction of domain-specific terms. DP-MLM model makes 

use of external lexicon knowledge from the particular domain to perform higher semantic 

modeling via the term masking technique. Concepts include human beings, places, objects, and 

machinery that are denoted by terms such as support workers, working faces, anchor rods, and 

coal cutters. 

Referencing the Whole-Word Masking (WWM) strategy and incorporating domain-specific 

linguistic features, 15% of tokens are randomly selected from all pre-training data for the 

following masking operation: 

(1) With an 80% probability, the token is replaced with [MASK]. If this token is part of an 

entity in the domain terminology dictionary, all other components of the corresponding 

terminology word are also replaced with [MASK]. 

(2) With a 10% probability, unlike MLM, the token is replaced with a similar terminology 

word within the domain. The similarity calculation follows these steps: First, convert terms in 

the domain dictionary to vectors using Word2vec. Then compute the Euclidean distance 

between vectors; the closest term is deemed similar. If no similar term exists in the domain 

dictionary, any arbitrary word is substituted. 

(3) With a 10% probability, the token remains unchanged. 
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2.1.2 Network Architecture 

The overall network architecture of the model is shown in Figure 2. Given two sentence 

sequences, 1 2{ , ,..., }nA A A A  and 1 2{ , ,..., }mB B B B , they are merged into a single sequence 

and processed into token form, resulting in sequence 1 2{[ ] , ,...,  [ ] nX CLS A A A SEP  

1 2, ,...,  [ ]}mB B B SEP , which serves as the raw input to the model. 

DP-MLM SOP

CoalBERT

1 2 1 2[CLS] [SE P] ]  [S P En mA A A B B B
 

Figure 2: The overall network structure of the model 

Coal BERT converts X into an embedded representation through the model's 

characterization layer, with 

 
(0) ( )H Embedding X  (1) 

In Equation (1), H  denotes the hidden layer state of the model at a given time step, while 
(0)H  represents the model's output after passing through the Embedding layer. Subsequently, 

the current H  enters the Transformer encoding layer, where: 

 
( ) ( 1)( ), {1,..., }i iH Transformer H i L   (2) 

In Equation (2), L  denotes the number of layers in the Transformer Encoder. (0)H  is 

sequentially encoded through each Transformer layer, yielding ( )L n dH   (a n d -

dimensional real space) as the final hidden layer state. 

In the DP-MLM task, for a masked term containing k  tokens, the term can be represented 

in the final hidden layer as: 

 ( )L mask k dH    (3) 

In equation (3), d  denotes the dimension of the hidden layer vector. By mapping this 

hidden layer through a word vector parameter matrix | |e V dW  , we obtain the probability 

distribution of each token across the entire vocabulary: 

 ( ) TL mask e

i ip H W b   (4) 

In equation (4), b  denotes the constant term. Finally, the backpropagation process of the 

model is completed using a cross-entropy loss function, namely: 

 
1

1
log

N

DP MLM i i

i

y p
N





    (5) 
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In Equation (5), iy  denotes the index value of the word corresponding to the i th masked 

token in the vocabulary. 

For the SOP task, the [CLS] token is directly used for embedding representation. The output 

encoding vector from the L th layer of the model is extracted and serves as the basis for loss 

function calculation. During this process, a softmax classifier is employed for label prediction, 

yielding the probability distribution across categories as follows: 

 
( )( )L s

i oq softmax H W b   (6) 

In equation (6), 2s dW   denotes the weight matrix, and 2b  represents the bias. 

Similarly, the cross-entropy loss function is employed to perform the backpropagation process 

for the model, namely: 

 
1

1
log

x

SOP i i

i

y q
x 

    (7) 

Therefore, the loss function for the entire model is expressed as: 

 DP MLM SOP   (8) 

2.2 Probability Prediction of Safety Hazards 

Generally speaking, the lower the probability of a safety hazard occurring, the higher the safety 

level of the system, and the greater the overall safety factor for production safety. Currently, 

relatively mature prediction methods include: (1) Intuitive prediction methods represented by 

brainstorming and the Delphi method; (2) Time series prediction methods typified by moving 

averages, exponential smoothing, trend extrapolation, and natural regression AR(n); (3) 

Regression forecasting methods representing causal relationships between response variables 

and related factors, such as linear, curvilinear, bivariate linear, and multivariate linear regression; 

(4) Methods utilizing second-order or non-second-order Markov chain models for prediction; 

(5) Grey forecasting models, etc. This paper primarily employs Markov models to forecast the 

probability of safety hazards occurring. 

The key to analyzing and calculating hazard occurrence probabilities using Markov models 

lies in: identifying the system's potential actual states; and solving the system's state transition 

probability matrix based on its state transition diagram. This approach assumes the hazard 

monitoring system is a time-continuous, state-discrete Markov process. Specifically: 

(1) The hazard monitoring system encompasses various hazards, safety monitoring 

equipment, and safety personnel. When hazards are in a normal state, the production system is 

considered normal. When safety monitoring equipment and personnel are in a normal state, the 

monitoring function ensures that even if a hazard leads to an accident, the production system 

can still be regarded as normal. 

(2) Upon detecting hazard accident signals, human control actions and related equipment 

operations are accurate and reliable. 

(3) The system and its constituent units—hazards, safety monitoring equipment, and safety 

personnel—can only assume discrete states, specifically either a fault state or a normal state. 

(4) The state transition rates   and   of the unit are constants, i.e., they follow an 

exponential distribution. 

(5) State transitions may occur at any time, but no two or more unit state transitions occur 

within a sufficiently small time interval t . 
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Thus, transitions between states in the hazard monitoring system are random. Their 

transition probabilities are entirely independent of states occurring in the past finite number of 

times, and the transition probability of a state is the conditional probability given the past n 

states. That is, 

 1 1 2{ ( ) | ( )} { ( ) | ( ), ( ),..., ( )}n n n n n n kP X t X t P X t X t X t X t     (9) 

Random transitions between states can be represented by a state diagram. From the state 

transition diagram, the transition rate matrix A can be derived, and finally the state equation is 

written as: 

 'P AP  (10) 

In the equation,  

P  — column vector of derivatives of state probabilities;  

A  — state transition matrix;  

P  — column vector of state probabilities. 

Based on the above assumptions, let { ( ), 0}X t t   be a homogeneous Markov process on 

the discrete state space {0,1,2, , }S n , with continuous time. Let A  denote the set of 

operational states and B  denote the set of accident states (failures or errors). Then A B S  . 

Draw the state transition diagram of the system and provide the state transition rate matrix 

( )ijB b  for the process { ( ), 0}X t t   such that 

 ( ) ( )    ,ij ijP t b t o t i j i j s        (11) 

 
,

0ij

i s j s

b
 

  (12) 

Moreover, for { ( ) } ( ) 1j
t t

j s

Lim P x t j Lim P t P
 



   , utilizing state transition graphs and 

probability conservation, the following system of equations is derived: 

 
0 1( , , ) (0,0, 0)

1

T

n

j

j s

B P P P

P


   

 

  (13) 

(1) Hazard Incident Probability Model When Safety Supervisors Are Not Involved 

When a safety hazard is identified, if it is not verified and control measures are not 

implemented, the state transition process of the major hazard monitoring system is as shown in 

Figure 3: 
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0

3

2 1

s m

sm

ms

m s

 

Figure 3: State Transition Process 

The possible system states are as follows: 

State 0: Hazard status normal, safety monitoring equipment status normal, system normal. 

State 1: Hazard status fault, safety monitoring equipment status normal, system normal. 

State 2: Hazard status normal, safety monitoring equipment status fault, system normal. 

State 3: Hazard status fault, safety monitoring equipment status fault, system fault. The state 

transition rate matrix is: 

 

 

 

 

 

0 0

0

0

0

m s m

m m s s

s s m m

s m m s

A

  

   

   

   

 

 


 

 

 (14) 

This yields the following system of equations: 

 

0 0 1 2

1 0 1 3

2 0 2 3

3 1 2 3

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

m s m s

m m s s

s s m m

s m s m

P t p t p t p t

P t p t p t p t

P t p t p t p t

P t p t p t p t

   

   

   

   









     


   


   
    

 (15) 

Setting the derivative in Equation (15) equal to zero, and based on Equation (13), we can 

determine the probability of the hazard monitoring system being in each state under steady-

state conditions, namely: 

 

0

1

2

3

( )( )

( )( )

( )( )

( )( )

m s

m m s s

m s

m m s s

m s

m m s s

m s

m m s s

P

P

P

P

 

   

 

   

 

   

 

   


  





 


 
  

 
  

 (16) 
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Based on the aforementioned assumptions and the system's state transition diagram, it can 

be determined that the hazard monitoring system is in accident-free states when in states 0, 1, 

or 2, and in accident state when in state 3. Therefore, the accident probability is 

 
( )( )

m s

m m s s

P
 

   


 
 (17) 

The system steady-state effectiveness is: 

 
( )( )

m s m s s m
v

m m s s

A
     

   

 


 
 (18) 

(2) Hazard Incident Probability Calculation Model with Safety Supervisor Intervention 

Following safety supervisor intervention, the system may exhibit either false alarm or 

missed detection states. The state transition process of the hazard monitoring system when 

preventing false alarms from safety monitoring devices is illustrated in Figure 4. 

3

4 1

0 2

5

sh

h

h

m m m m

s

s

mm

h s

 

Figure 4: State Transition Process 

The possible system states are as follows: 

State 0: Hazard status normal, safety monitoring equipment status normal, safety personnel 

status normal; system normal. 

State 1: Hazard status fault, safety monitoring equipment status normal, safety personnel 

status normal; system normal. 

State 2: Hazard status normal, safety monitoring equipment status fault, safety personnel 

status normal; system normal. 

State 3: Hazard status normal, safety monitoring equipment status normal, safety personnel 

status faulty, system normal; 

State 4: Hazard status faulty, safety monitoring equipment status normal, safety personnel 

status faulty, system faulty; 

State 5: Hazard status faulty, safety monitoring equipment status faulty, safety personnel 

status normal, system faulty. 

The state transition rate matrix is: 
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( ) 0 0

( ) 0 0

0 ( ) 0 0

0 0 ( ) 0

0 0 ( ) 0

0 0 0 ( )

m s h m s h

m m s h h s

s m s m

h m h m

h m m h

s m m s

A

     

     

   

   

   

   

  

  

 


 

 

 

(19) 

The following system of equations can be obtained: 

 

0 0 1 2 3

1 0 1 4 5

2 0 2 5

3 0 3 4

4 1 3 4

5

( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

m s h m s h

m h m s h s

s s m m

h m h m

h m m h

P t p t p t p t p t

P t p t p t p t p t

P t p t p t p t

P t p t p t p t

P t p t p t p t

P

     

     

   

   

   











      

     

   

   

   

1 2( ) ( ) ( ) ( ) ( )s m s m st p t p t p t   










    

 (20) 

Setting the derivative in Equation (20) equal to zero and solving the resulting linear equation 

system yields the probabilities of the hazard monitoring system being in each state. 

Based on the aforementioned assumptions and the system state transition diagram, states 0, 

1, 2, and 3 represent accident-free conditions, while states 4 and 5 represent accident conditions. 

Therefore, the accident probability is: 

 4 5P P P   (21) 

Steady-state effectiveness is: 

 0 1 2 3vA P P P P     (22) 

Considering the possibility of false alarms and missed alarms in the hazard monitoring 

system, the probability that the hazard monitoring system is in an accident state can be derived 

as 

 
w w l l

w l

P t Pt
P

t t





 (23) 

In the formula: 

wP — Probability of failure when the monitoring system produces a false alarm; 

lP — Probability of failure when the monitoring system misses a fault; 

wt — Percentage of time the operator prevents the monitoring device from producing false 

alarms; 

lt — Percentage of time the operator prevents the monitoring device from missing faults. 
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2.3 Identification of Safety Hazards 

2.3.1 Improvements to the MM-Apriori Algorithm 

(1) Introduction of Matrix Thinking 

This paper's improvement to the Apriori algorithm introduces matrix thinking, generating a 

transaction Boolean matrix through a single database scan. Simultaneously, during matrix 

operations, the matrix structure is reduced using relevant properties, effectively enhancing the 

generation efficiency of frequent item sets. The transaction matrix and related definitions are 

as follows: 

Definition (1): Given a transaction database containing n transactions and m items, a 

Boolean matrix 1A  can be constructed, also known as the initial transaction matrix. The matrix 

representation of item set I is defined as: 

 

11 12 1

21 22 2

1

1 2

m

m

n n nm

d d d

d d d
A

d d d

 
 

 
 
 

 

 (24) 

where rows represent transactions kt  and columns represent items 
0,

,
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
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support count of the item can be expressed by the number of “1” in each column. 

Definition (2): If there is a transaction item iT  with length less than 2, the corresponding 

row vector in the transaction matrix can be removed. 

Definition (3): if the number of itemsets in a collection of frequent k -itemsets is less than 

1k  , the frequent itemset is a maximal frequent itemset. 

Definition (4): (Matrix Pointwise Product) The Hadamard product of an m n  matrix 

ijA a     and an m n  matrix ijB b     is denoted as *A B . Its elements are defined as the 

product of corresponding elements from the two matrices: ( * ) ij ijA B a b  forms an m n  

matrix. 

(2) Support Matrix 

Methods optimizing the Apriori algorithm based on matrices or compressed matrices first 

represent the database using Boolean matrices. They replace the original algorithm's database 

lookup operations with logical AND operations. During frequent item set generation, all rows 

or columns of k-frequent item sets undergo iterative bitwise AND operations. Subsequently, 

sums are computed for each row and column of the matrix. Rows or columns failing to satisfy 

conditions are eliminated using relevant properties, thereby reducing interference from non-

frequent item sets. The traditional matrix-based Apriori algorithm for computing support counts 

can be described as follows: 
1

sup _ { , } ( )
n

i j i j k jk

k

port count I I D D d d


    . Iterate through 

each item pair, performing bitwise AND operations, then count the number of “1”s to obtain 

the support count for each item pair. This approach improves frequent item set generation speed 

to some extent. However, it requires accumulating and sorting row and column sums during 

support calculation, increasing computational overhead. 

To address these issues, this paper introduces the concept of a support matrix. By utilizing 

the support matrix to obtain item support, the calculation method is simplified, effectively 
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improving algorithm efficiency. The support matrix is constructed through the transpose of the 

transaction matrix multiplied by the transaction matrix itself. This support matrix directly yields 

the support counts, thereby achieving the goal of simplifying support calculation. Relevant 

definitions are as follows: 

Definition (5): During the iteration process, given a Boolean transaction matrix, multiply 

its transpose T

kA  by the matrix ( 1,2,3....)kA k   to obtain a symmetric matrix kD , denoted 

as T

k k kD A A . The element in the i th row and j th column of matrix kD  can be expressed 

as: 1 2 2

1

( )T

k k ij ik ij i j i j im mj

i

A A d d d d d d d




      then the value of the element in the i th row 

and j th column of matrix kD  represents the support count of the corresponding item set. 

Specifically, the values on the diagonal are the support counts of the k-item sets. Therefore, kD  

is also called the support matrix. 

This paper utilizes a custom support matrix to obtain the support counts for each item. By 

applying the matrix multiplication defined in (5), the support counts for all item set vectors in 

the matrix can be computed simultaneously, simplifying the support calculation method. By 

scanning the transaction database, the transaction matrix 1A  is obtained. During the 

algorithm's iteration, the support matrix kD  is derived by multiplying the transpose of this 

transaction matrix, T

kA , by the matrix kA . The values in the support matrix kD  represent the 

support counts for each item set. The values on the diagonal indicate the support counts for each 

k-item set. By comparing the support counts with the predefined minimum support threshold, 

the corresponding frequent item sets are identified. 

2.3.2 Security Vulnerability Detection Based on the MM-Apriori Algorithm 

To address diverse safety decision-making requirements during directional drilling operations 

in coal mines, traditional association algorithms (such as Apriori and FP-growth) are employed 

to mine association rules linking accidents and complex scenarios. The extracted rules serve as 

knowledge for accident hazard identification and analysis modules, providing robust 

foundations for accident prevention and complex situation management. However, traditional 

association algorithms suffer from low mining efficiency, particularly when processing 

complex, massive hazard datasets where algorithmic performance becomes suboptimal. 

Therefore, addressing the characteristics of historical hazard data being massive and 

complex, the improved Apriori algorithm based on the support matrix proposed in this paper 

will effectively enhance the mining efficiency of frequent item sets. Before applying data 

mining techniques, data preprocessing is required. Subsequently, the MM-Apriori algorithm is 

applied to the accident hazard identification model to mine association rules within hazard 

transactions, thereby obtaining potential strong association rules. Finally, these association rules 

undergo evaluation. Association-based hazard mining predicts the occurrence of frequent items 

by remapping frequent antecedents to corresponding association rules, thereby generating 

predictive knowledge. The accident hazard mining process is illustrated in Figure 5. 
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Figure 5: Process for Identifying Accident Hazards 

The main steps for hazard association mining are as follows: 

(1) Data preprocessing: Preprocess hazard data to facilitate analysis and knowledge mining; 

(2) Frequent item set generation: Set a support threshold and use the improved MM-Apriori 

algorithm to generate frequent item sets; 

(3) Hazard Association Mining: Incorporate Kulc and Imbalance Ratio (IR) within the 

support-confidence framework. The use of Kulc and IR algorithms successfully eliminates the 

repetition of rules, thus improving the significance of rule knowledge extraction. In order to 

facilitate the application in hazard identification, association rules with a postulate of 1 are 

mined. 

(4) Evaluation of Association Rules: Accident hazard investigation data are analyzed using 

a hazard identification model that uses the MM-Apriori algorithm, and the corresponding 

association rules are obtained. The knowledge mined from the rules facilitates efficient hazard 

identification and control measures. For instance: In hazard identification investigations, when 

hazard A is found, then the hazard identification model with the MM-Apriori algorithm obtains 

the association rule “hazard A -> hazard B,” which determines the existence probability of 

hazard B. 

3 Application Analysis of Coal Mine Safety Hazard 

Identification Models 

3.1 Prediction of Coal Mine Safety Hazards 

3.1.1 Data Selection and Processing 

In this paper, the 2024 ledger for accident hazard investigation and management, which is 

derived from the accident hazard investigation and management control system of a coal mine 

in City S, will be taken as an example to generate raw text data of the hazards. In the process 

of registering safety hazards of the coal mine, multiple hazards might be recorded in one day, 

or there might be no record on particular days. In the latter case, there will be data gap or 

missing data item in certain period. In this situation, imputation of the missing data is necessary. 

Deletion and imputation are two common strategies employed when dealing with missing value 

problems. 

As a means of ensuring the accuracy of the raw safety hazard data of coal mines, this paper 

adopts the strategy of imputation to handle missing data. Imputation refers to a general strategy 
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of making up for missing value by utilizing other existing data. As both of the datasets are 

characterized by time-series stationarity and are of integer type, mode imputation strategy is 

adopted to fill missing value in the datasets. This will assure the completeness and accuracy of 

the datasets. In the imputation of missing data of count (hazard quantity), a_type (working face 

category count), b_type (working location category count), c_type (hazard subject category 

count), d_type (hazard specialty count), and e_type (hazard type count). 

Following the process for missing data, we get a dataset with complete values of the daily 

number of hazards occurred in coal mines in the year 2024, which will be used as input data for 

grey forecast modeling. From Table 1, it can be seen that the constructed dataset on the forecast 

of coal mine safety hazard trend changes every month. For each category, the average daily 

number is calculated per day within each month to obtain the average monthly value. 

Table 1: Dataset for Trend Prediction of Safety Hazards in Coal Mines 

Month count a_type b_type c_type d_type e_type 

1 8.57 1.86 3.85 2.78 4.27 4.06 

2 7.93 1.35 3.27 2.15 3.91 3.88 

3 9.05 1.66 4.06 2.39 4.05 3.72 

4 10.11 1.49 3.75 2.44 3.84 4.15 

5 8.28 1.52 3.69 2.12 3.96 3.99 

6 7.33 1.91 4.18 2.07 4.22 4.02 

7 9.14 1.36 3.27 2.23 4.01 3.56 

8 9.22 1.82 4.06 2.32 3.97 4.38 

9 8.64 1.78 4.11 2.16 4.12 4.28 

10 9.29 1.83 3.87 2.58 3.96 3.92 

11 11.03 1.42 3.62 2.41 4.02 3.73 

12 8.97 1.54 4.23 2.09 4.18 4.21 

3.1.2 Data Calculation 

Using the Markov model on the original time series data, we have generated simulated data 

every month, and the final simulated data were obtained by reconstructing these data. As shown 

in Table 2, the simulated value and accuracy of each data are listed. Since the difference between 

the simulated data and the real data is relatively small, the simulated data are quite consistent 

with the real data. In addition, the prediction accuracy of all data is above 90%. 
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Table 2: Simulated values and accuracy of each data item 

Month 

count a_type b_type 

True 

value 

Simulated 

value 
Resid. 

True 

value 

Simulated 

value 
Resid. 

True 

value 

Simulated 

value 
Resid. 

1 8.57 8.57 0.00 1.86 1.86 0.00 3.85 3.85 0.00 

2 7.93 8.31 -0.38 1.35 1.42 -0.07 3.27 3.02 0.25 

3 9.05 9.22 -0.17 1.66 1.78 -0.12 4.06 3.97 0.09 

4 10.11 10.03 0.08 1.49 1.23 0.26 3.75 3.91 -0.16 

5 8.28 7.97 0.31 1.52 1.34 0.18 3.69 3.76 -0.07 

6 7.33 7.21 0.12 1.91 1.88 0.03 4.18 4.35 -0.17 

7 9.14 9.02 0.12 1.36 1.56 -0.20 3.27 3.62 -0.35 

8 9.22 9.83 -0.61 1.82 1.91 -0.09 4.06 4.21 -0.15 

9 8.64 8.37 0.27 1.78 1.94 -0.16 4.11 4.35 -0.24 

10 9.29 9.06 0.23 1.83 1.78 0.05 3.87 3.92 -0.05 

11 11.03 10.87 0.16 1.42 1.36 0.06 3.62 3.78 -0.16 

12 8.97 8.72 0.25 1.54 1.49 0.05 4.23 4.45 -0.22 

MAPE 0.021 0.012 0.035 

Precision 97.9% 98.8% 96.5% 

Month 

c_type d_type e_type 

True 

value 

Simulated 

value 
Resid. 

True 

value 

Simulated 

value 
Resid. 

True 

value 

Simulated 

value 
Resid. 

1 2.78 2.78 0.00 4.27 4.27 0.00 4.06 4.06 0.00 

2 2.15 2.41 -0.26 3.91 4.15 -0.24 3.88 3.72 0.16 

3 2.39 2.53 -0.14 4.05 4.26 -0.21 3.72 3.91 -0.19 

4 2.44 2.61 -0.17 3.84 4.01 -0.17 4.15 4.02 0.13 

5 2.12 2.25 -0.13 3.96 4.27 -0.31 3.99 3.57 0.42 

6 2.07 1.83 0.24 4.22 4.36 -0.14 4.02 3.91 0.11 

7 2.23 1.97 0.26 4.01 4.28 -0.27 3.56 3.24 0.32 

8 2.32 2.01 0.31 3.97 3.45 0.52 4.38 4.45 -0.07 

9 2.16 2.05 0.11 4.12 3.98 0.14 4.28 4.37 -0.09 

10 2.58 2.41 0.17 3.96 3.72 0.24 3.92 4.06 -0.14 

11 2.41 2.67 -0.26 4.02 3.84 0.18 3.73 4.01 -0.28 

12 2.09 2.32 -0.23 4.18 4.01 0.17 4.21 3.98 0.23 

MAPE 0.082 0.061 0.079 

Precision 91.8% 93.9% 92.1% 

3.1.3 Results and Analysis 

Using the original data and predictive results, a graph can be plotted illustrating the trend in the 

frequency of use of hazard-related words in both prediction results and the original data. This 

will help illustrate the trend of use of such words, and will be important in taking appropriate 

actions to prevent such hazards from occurring and making workplaces safe. Comparison of 

the results in the trend of frequency of use of hazard-related terms is illustrated by figures 6(a) 

and 6(b). From the figures, it is clear that there was stability in the number of working face 

types in which hazards were identified in 2024. However, the number of working faces in which 

hazards were reported in January 2025 increased compared to December 2024. 
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(a)count,a_type,b_type 

 

(b)c_type,d_type,e_type 

Figure 6: Comparison results of frequency trends of hazardous words 

3.2 Risk Assessment of Coal Mine Safety Hazards 

3.2.1 Comparison and Analysis of Prediction Results 

Additional predictions were made for firms A-D in City S, where the probability of hazard 

occurrence was studied at various quarters. For example, using the January-March and April-

June 2024 period, hazards associated with employees, fire safety, workplace, and 

equipment/facility were coded as X1-X4, respectively. Quarterly predictions for hazard 

probability are illustrated in Figures 7(a), 7(b). As can be seen from the figures, the probability 

distribution of hazard occurrences differs drastically from one quarter to another among firms 

of the same group. In the case of firm A, there was a high probability (32.71%) of hazards 

associated with fires during January-March. However, from April-June, the probability of 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

17 

employee hazards (26.85%) and equipment hazards (27.22%) significantly increased. 

 

(a)January to March 

 

(b)April to June 

Figure 7: Quarterly predictions of hazard probability 

3.2.2 Probability-Based Risk Assessment 

After obtaining the predicted probability of potential hazards, the probabilities of different 

hazards can reveal issues within the enterprise's corresponding production sectors. 

Simultaneously, from a macro perspective, the risks faced by an enterprise are also influenced 

by factors such as its production and operational scale, as well as personnel structure. Clearly, 

the larger the enterprise and the greater its workforce, the more severe the potential risks posed 

by hazards become. Therefore, the design of risk assessment models must integrate both the 

enterprise's inherent characteristics and the predicted probabilities of potential hazards. 

To conduct a reasonable and accurate assessment of an enterprise's risks, it is first necessary 

to correctly evaluate the impact level of its existing hazards. Previously, we employed machine 

learning methods to reasonably predict the seasonal occurrence probabilities of various hazard 

types across companies. Subsequent assessments were based on these probability outputs. 

Using Companies A and B as examples, we perform risk assessment model calculations. For 
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Company B, we utilize probability outputs from January-March and April-June 2024, while 

Company A's data draws from the previous year's statistics for annual production value and 

workforce size. Company A's 2023 annual production value was 50, with 30 employees. 

Company B's production value and workforce were 2000 and 600, respectively (all data 

provided are normalized, with units unknown). Prediction of the hazard probabilities for both 

periods is depicted in Table 3. Temporally speaking, the hazard probability for Company A was 

generally maintained at a low-to-medium level throughout January-March, during which the 

hazard probability relating to fire was recorded as the highest (0.72). It is worth noting that the 

hazard probability of Company A experienced certain changes in April-June, with an increase 

of probability associated with employee safety and equipment/facility risks observed, and a 

decrease of probability associated with fire safety and workplace hazards noticed. Meanwhile, 

compared with Company A, Company B demonstrated relatively higher hazard probabilities, 

with certain seasonal changes. 

Table 3: Prediction results of hazard probability 

 
A B 

January to March April to June January to March April to June 

X1 0.22 0.31 0.34 0.26 

X2 0.72 0.38 0.33 0.37 

X3 0.15 0.14 0.31 0.25 

X4 0.08 0.25 0.12 0.22 

 

Based on probability analysis, Company A obtained the risk scores as depicted in Table 4. 

The risk scores in terms of fire safety were the highest among all risks for Company A, reaching 

up to 4.018 in January-March. However, in April-June, the risk distribution in Company A 

became relatively even. Company B had worse risk scores in general compared to Company A, 

especially in January-March when workplace (3.402) and fire safety (4.022) risks were found 

to be highest among all. Furthermore, it was also noted that Company B faced relatively greater 

risks from April-June. In addition to fire safety and workplace risks, employee safety risks 

(2.476) and equipment/facility risks (2.216) became notably higher. 

Table 4: Risk assessment results 

 
A B 

January to March April to June January to March April to June 

X1 0.675 1.286 3.018 2.476 

X2 4.018 3.015 4.022 3.665 

X3 0.786 0.801 3.402 3.397 

X4 0.337 1.332 1.275 2.216 

3.3 Mining Safety Hazard Association Rule Mining 

3.3.1 Security Management Text Data Mining 

In this paper, an improved MM-Apriori algorithm is applied to the mining of safety hazards in 

Company A as a case study. Some strong association rules are selected and analyzed, taking 

into account the professional knowledge. Based on this analysis, some weak points of the 

company management and safety work are identified and analyzed. Such analysis provides 

opportunities for further improvement of the corporation performance, reduction of its risks, 

decrease of probability of accidents, and implementation of a safe production mode. After 
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debugging the algorithm, its configuration was set as follows: the minimal value of confidence 

was equal to 0.01, while the minimal value of support was equal to 0.2. As a result, 68 strong 

association rules have been obtained. The following table presents some data mining results 

ordered by their support from high to low values. The highest value of support (0.7353) was 

provided by management rule "HSE Management => Absent". Thus, the lack of management 

system elements is the most common problem in the safety activities of Company A. Another 

important rule is "Inspection => Inadequate" with the support of 0.7186, which means that the 

on-site inspections of employees' actions are inadequate according to the established standards. 

In this case, problems can relate either to non-standard conducting of inspections, incomplete 

contents of inspection, and insufficient follow-up of the inspection results. Further optimization 

of inspection criteria and procedure should be considered. Moreover, the rules related to the 

absence of "operation cards," "training," and "process cards" point out the weak points both of 

safety management of the corporation and on-site safety monitoring of Company A. 

Table 5: Some data mining results 

Number 

Association rules 
Confidence 

level 

Support 

level 
Frequent previous 

items 

Frequent 

occurrences 

1 HSE Management None 0.0285 0.7353 

2 Inspection Not up to standard 0.0187 0.7186 

3 Operation Card None 0.0108 0.5932 

4 Distribution Room Out of conformity 0.0173 0.5174 

5 Monitoring Out of conformity 0.0241 0.4825 

6 Compressor Out of conformity 0.0162 0.4636 

7 Valve Out of conformity 0.0115 0.4511 

8 Design Out of conformity 0.0106 0.4327 

9 Training Out of conformity 0.0233 0.4215 

10 Process card None 0.0127 0.4028 

... ... ... ... ... 

3.3.2 Association Analysis 

More association analyses were performed on the text information from Company A. They 

consist of three factors: association rules, confidence, and support. Some of the association rules 

are listed in Table 6 below. The two-way association between “Non-compliant => Not met” and 

“Not met => Non-compliant” was determined with the following support measures of 0.4923 

and 0.3882. The strong cause-and-effect relationship between “Non-compliance with standards” 

and “Non-compliance condition” reflects double defects in standard compliance and 

monitoring systems. Improvement should be carried out from several aspects, including 

increasing the strictness of the operation system, bettering employee training and process 

monitoring. 
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Table 6: Partial association rules 

Number Association rules 
Confidence 

level 

Support 

level 

1 Out of conformity=>Not 0.0735 0.4923 

2 Not=>Out of conformity 0.0783 0.3882 

3 Pipeline=>None 0.0167 0.3011 

4 Set=>None 0.0122 0.2984 

5 Apparel=>Out of conformity 0.0184 0.2772 

6 
Constellation and depressurization unit=>Out of 

conformity 
0.0102 0.2614 

7 Confirm=>Not 0.0179 0.2533 

8 Label=>None 0.0208 0.2412 

9 Put into use=>Out of conformity 0.1002 0.2287 

10 Refinery=>None 0.2174 0.2224 

... ... ... ... 

4 Risk Prevention Measures for Coal Mine Safety Hazards 

In the construction of directional drilling of coal mines, safety hazard risks identification is the 

first step for safety risk prevention. This involves the accurate identification of risk factors in 

the entire process of construction that can result in accident risks or other abnormal events. 

According to the findings from the analysis of mining hazards in association rules mining and 

practical experiences in mine construction sites, the safety hazard risks identified in the 

construction of directional drilling are majorly technical risks. Such risks involve mining 

extraction technology, mining equipment technology, environmental protection technology, and 

many more. For the responsible organizations, there can be problems with technical support 

such as too much technical complexity, underdeveloped technology, or technical risks that can 

prevent the achievement of mining projects. 

Technically speaking, risks in construction projects will mainly be shown through: 

(1) Construction techniques not conforming to requirements. Ineffective technical standard 

and operation regulation by those in charge or negligence by construction workers on technical 

standards will result in poor construction quality, thus triggering accidents. For some 

construction companies, they have a preference for rapid construction rather than strict 

conformity to technical standards. Either they do not set up technical standards related to 

directional drilling or do not comply with the existing technical standards. Not setting up 

process cards in association rule mining and using unreasonable machinery is indirect evidence 

of technical risk caused by lack of process documentation or ineffective implementation. Lack 

of standardized process guide in drilling will make it likely for construction workers to deviate 

from technical procedures because of their differing experiences, thus causing accidents. 

(2) Irrelevant process choice. Due to different working environments, geological situations, 

and constructions themselves, proper construction processes need to be adopted accordingly. 

Failure to choose appropriate construction processes will affect construction efficiency as well 

as project quality. Rules associated with design not conforming to specifications indicate that 

improper choices of technical processes pose threats to safety in construction. 

(3) Inappropriate operation. Efficiency of construction depends highly on the professional 

level of construction workers. In practical construction activities, operational mistakes may lead 

to malfunctioning of machines, loss of materials, or even accidents. 
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5 Conclusion 

Identifying potential safety risks and ensuring risk prevention measures during directional 

drilling in coal mines is covered in this research paper. Some findings are provided after the 

creation of a model, conducting the corresponding analyses and summing up potential risks. 

The results of the model predicting coal mine safety hazards revealed that the residuals were 

insignificant, and prediction accuracy reached above 90%. Risk assessment model calculations 

were calculated on the example of Companies A and B. Company A had a relatively low-hazard 

probability for January to March and a considerable change in its hazard probability structure 

from April to June. Company B had higher probabilities of hazards and had even more 

pronounced seasonality. 

For instance, mining safety hazard association rule mining was performed on Company A. 

As a result, the HSE Management rule received the support rate of 0.7353, followed by the rule 

"Inspection => Inadequate" (0.7186). Bidirectional associations "Non-compliance => Not 

implemented" (support rate 0.4923) and "Not implemented => Non-compliance" (support rate 

0.3882) revealed the need for improvement in both the implementation of the standard and its 

inspection. There are some aspects where improvements should be introduced, including 

rigidity, training and other factors. 
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