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Abstract 

Conventional risk analysis methods struggle to capture the nonlinear couplings and cascading 

propagation in mine disaster evolution. To accurately identify critical events and transmission pathways 

and quantitatively evaluate intervention strategies, a semantic-driven complex network framework was 

developed for mine disaster evolution analysis. On the basis of BERT embedding and K-means 

clustering, 42 disaster events were extracted from 120 accident reports, and a directed weighted 

evolution network was constructed. Network topology, small-world characteristics, modular structure, 

node centrality, and edge vulnerability were analysed to identify critical events and transmission paths. 

Random and targeted attack simulations were conducted to evaluate chain-breaking strategies. Results 

show that the network exhibits small-world characteristics with a modularity of 0.35 and four modules, 

with the strongest coupling between Modules 2 and 3. High gas concentration, gas accumulation, and 

gas explosion are key nodes, while gas-related paths show high vulnerability. The conclusions obtained 

from this study provide a novel quantitative approach for mine disaster mitigation. 
(Received in June 2026, accepted in August 2026. This paper was with the authors 2 weeks for 1 revision.) 
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1. INTRODUCTION 

With the rapid development of global mineral resource exploitation and the continuous 

advancement of deep mining activities, mine disaster evolution has gradually shifted from 

single-hazard and localized events toward complex disaster systems characterized by 

multihazard coupling and chain propagation [1]. Under such circumstances, multisource 

disturbances, including gas that exceeds the limit, roof stratum separation, and water inrush 

precursors, may interact with one another and trigger cascading failures of critical subsystems 

such as ventilation, power supply, and drainage, ultimately resulting in disaster escalation and 

reduced emergency response capability [2]. Previous studies have demonstrated that major 

mine accidents are generally caused by the combined effects of multiple factors, including 

geological conditions, equipment states, and human operations [3]. However, current mine 

safety management remains largely dependent on experience-based practices and post-event 

response. Traditional risk analysis approaches are often developed on the basis of static 

assumptions or linear frameworks, making it difficult to reveal the nonlinear coupling and 

synergistic evolution mechanisms among risk factors under complex disaster scenarios. 

Therefore, identifying disaster propagation pathways, revealing network vulnerability, and 

determining critical intervention targets from the perspectives of system structure and 

evolutionary mechanisms have become important directions in mine disaster risk analysis. 

      Extensive studies have been conducted on mine disaster risk assessment and emergency 

management, mainly focusing on accident statistical analysis, fault tree analysis, and risk 

indicator system construction [4-6]. With the development of complex network theory, some 

researchers have further employed network topology-based approaches to identify critical risk 
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nodes and propagation pathways [7]. However, several limitations persist. First, most models 

struggle to characterize complex couplings among multisource risks. Second, event extraction 

often depends on expert judgment or frequency-based text mining, which suffers from semantic 

ambiguity and redundant descriptions, reducing network objectivity. Third, existing network 

studies concentrate on individual nodes or edges, while systematic investigations of global 

structure and cross-module propagation remain insufficient. Fourth, quantitative validation of 

chain-breaking strategies via attack simulations is limited. Given that extreme mine disasters 

exhibit nonlinear transitions in which critical events can rapidly trigger systemic failures, 

integrating global structural analysis with local critical element identification and attack 

simulation is essential for improving disaster prevention and control. 

      Accordingly, this study integrates disaster chain theory, complex network modelling, and 

BERT-based semantic embedding to construct a mine disaster evolution topology. The 

framework identifies critical nodes and vulnerable edges and reveals evolutionary mechanisms 

and cross-module propagation pathways. Centrality analysis and attack simulation models are 

developed to quantitatively assess the roles of nodes and edges, leading to a hierarchical 

mitigation strategy. Intervention effectiveness is evaluated using network efficiency, providing 

quantitative decision support for mine emergency safety management. 

2. STATE OF THE ART 

Existing studies on mine disaster risk analysis and emergency management mainly focus on 

accident causation analysis and risk assessment. Early studies employed accident statistics, fault 

tree analysis, and event tree analysis to identify disaster causes and evolution patterns [8]. For 

example, Laryea Amartey et al. [9] identified critical factors such as insufficient ventilation, 

excessive gas concentration, and illegal blasting through statistical analysis and association rule 

mining. Multi-criteria approaches, including the analytic hierarchy process, entropy weight 

method, and fuzzy comprehensive evaluation, have also been applied for mine risk assessment 

[10]. However, these methods strongly depend on expert knowledge and predefined weights, 

limiting their ability to capture complex interactions among multiple risk factors. System 

dynamics and simulation approaches have further been introduced to analyse disaster responses 

[11], but their applicability is constrained by model assumptions and parameter calibration 

requirements. With the development of complex network theory, mine disaster studies have 

gradually shifted toward network-based analysis [12]. Present studies characterize disaster 

events as nodes and causal relationships as edges, using topology measures to identify crucial 

factors and propagation paths. For instance, He et al. [13] constructed a coal mine gas explosion 

causal network and identified excessive gas concentration and electrical sparks as highly 

influential factors, while Medaa et al. [14] analysed roof accident evolution networks to reveal 

disaster propagation characteristics. Nonetheless, current studies mainly emphasize individual 

node or edge importance, with insufficient exploration of global network structures, modular 

characteristics, and cross-module propagation mechanisms. Moreover, quantitative evaluation 

of chain-breaking strategies through attack simulations remains limited. 

      Recent advances in natural language processing have provided new approaches for 

automatic disaster event extraction. Traditional methods such as TF-IDF improve keyword 

identification efficiency but cannot effectively capture contextual semantics [15]. Pretrained 

language models have demonstrated stronger semantic representation capabilities for disaster 

event recognition [16]. Meanwhile, attack simulation has been widely applied in complex 

network vulnerability analysis to identify critical structures and weak links [17]. However, mine 

disaster network studies have rarely integrated semantic-driven event extraction, module 

coupling relationships, and attack-based intervention evaluation. To address these limitations, 

this study develops a semantic-driven complex network modelling and simulation framework. 
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BERT semantic embedding and K-means clustering are applied to extract mine disaster events, 

followed by the construction of a directed weighted disaster evolution network. Topological 

analysis, modular analysis, and attack simulations are conducted to identify critical nodes, 

propagation paths, and effective chain-breaking strategies. 

      The remainder of this paper is organized as follows. Section 3 presents the methodology, 

including event extraction, network construction, and attack simulation. Section 4 indicates the 

analysis of network characteristics and simulation results. Section 5 discusses the findings and 

implications, and Section 6 concludes the study. 

3. METHODOLOGY 

To reveal mine disaster evolution patterns, this study developed an integrated framework 

combining NLP, complex network analysis, and attack simulation. On the basis of accident 

reports, BERT embedding and K-means clustering were applied to extract disaster events. A 

directed weighted network was constructed and analysed from global and local perspectives. 

Node and edge attack simulations were performed to evaluate network vulnerability and 

develop mitigation strategies. The framework is presented in Fig. 1. 

 

Figure 1: Framework for the construction and analysis of the mining disaster evolution network. 

3.1  Mine disaster event extraction based on BERT semantic clustering 

Corpus construction and preprocessing: This study focused on Chinese mine accidents. Data 

were collected from investigation reports, accident cases, typical accident literature, and 

mainstream media reports from 2015 to 2025, using keywords like gas explosion, roof collapse, 

water inrush, mine fire, and dust explosion. 

      The inclusion criteria were as follows: (1) major coal and noncoal disaster types; (2) 

complete occurrence, evolution, and emergency response descriptions; (3) text length ≥ 500 
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words. A total of 120 valid reports were obtained. Reports were standardized by removing 

unstructured content while retaining accident processes, causation analysis, and emergency 

response. Preprocessing used Python with a domain-specific dictionary via Jieba segmentation, 

stop-word removal, and sentence-level segmentation [18], generating a structured corpus for 

semantic embedding. 

      BERT semantic embedding: A pretrained Chinese BERT model generated semantic 

representations for each sentence [18]. Built on the Transformer architecture, BERT captures 

contextual information via a multilayer self-attention mechanism. For a given sentence Si = {ω1, 

ω2, …, ωn}, the model outputs hidden representations after L encoding layers. The sentence-

level representation from the BERT encoder was adopted as the semantic vector Vi, calculated 

as: 

𝑉𝑖 = 𝑓𝐵𝐸𝑅𝑇(𝑆𝑖) ∈ 𝑅𝑑 (1) 

      Here, d = 768 denotes the dimensionality of the hidden layer. The above encoding procedure 

was sequentially applied to all sentences in the corpus, yielding a sentence embedding set 

V = {v1, v2, …, vm}, where m represents the total number of sentences in the corpus. In this study, 

m ≈ 12,000. 

      Semantic clustering and event extraction: The sentence embedding set V was clustered 

using the K-means algorithm in an unsupervised manner [19]. The objective of K-means is to 

partition M sentence vectors into K clusters, Ci = {c1, c2, …, ck}, by minimizing the sum of 

squared Euclidean distances between samples and their corresponding cluster centroids, that is: 

𝑎𝑟𝑔𝑚𝑖𝑛𝑐∑ ∑ ||𝑣 − 𝜇𝑘||

𝑣∈𝐶𝑘

𝑘

𝑘=1

2

 (2) 

      The centroid of the kth cluster, k is defined as the mean vector of all samples within that 

cluster. The optimal number of clusters. In consideration of the complexity of accident event 

categories and the size of the corpus, the search interval for the number of clusters was set to 

K = 30–60. 

3.2  Analysis methods for global structural metrics 

Network density was employed to quantify the connectivity among nodes in the network; it is 

defined as [20]: 

𝐷 =
𝑚

𝑛(𝑛 − 1)
 (3) 

where D denotes the network density, m represents the number of edges in the network, and n 

is the number of nodes, corresponding to the number of risk factors in the disaster network. The 

modular structure of the network was identified by maximizing the modularity index Q, which 

is defined as follows [21]: 

𝑄 =
1

𝑚
∑[𝐴𝑖𝑗 −

𝐾𝑖
𝑜𝑢𝑡𝐾𝑗

𝑖𝑛

𝑚
]

𝑖,𝑗

𝛿(𝑐𝑖 , 𝑐𝑗) (4) 

where Aij denotes the element of the adjacency matrix; 
out

iK  and 
in

jK  represent the out- and in-

degree of the corresponding nodes, respectively; and δ (ci, cj) is an indicator function that 

determines whether two nodes belong to the same community. 

3.3  Local structural metrics 

Node importance: Degree centrality measures the direct connectivity of a node and is defined 

as follows [21]: 



Wang, Xiong, Ye, Guo: Simulation of Mine Disaster Chain Mitigation via Semantic Network 

480 

𝐷𝑐𝑖 = ∑ 𝜎𝑖𝑗

𝑛

𝑗=1,𝑗≠𝑖

 (5) 

where Dci denotes the degree centrality of node i, σij represents the total number of edges 

between nodes i and j, and n is the total number of nodes in the network. Betweenness centrality 

measures the bridging role of a node in information or risk transmission throughout the network. 

Closeness centrality determines the average distance between a node and all other nodes in the 

network and is defined as follows [22]: 

𝐶𝑖𝑗 =
𝑛 − 1

∑ 𝑑𝑖𝑗
𝑛
𝑗=1

 (6) 

      PageRank was employed to evaluate the global influence of nodes within the network; it is 

defined as follows [22]: 

𝑃(𝑖) =
1 − 𝜀

𝑁(𝑖)
+ 𝜀 ∑

𝑃(𝑗)

𝐷𝑜𝑢𝑡(𝑗)
𝑗∈𝑁（𝑖）

 (7) 

where P(i) denotes the PageRank value of node i; P(j) indicates the PageRank value of node j; 

N(i) represents the set of incoming neighbouring nodes of node i; Dout(j) is the number of 

outgoing links of node j; and ε is the damping factor, which is typically set to 0.85. 

      Edge vulnerability of the disaster chain: In this study, an edge vulnerability index, 

denoted by Vs, was constructed by integrating edge betweenness, variations in average path 

length, and changes in network connectivity, that is: 

𝑉𝑠 =
𝐵𝑠𝐿𝑠
𝐻𝑠

 (8) 

where s denotes the sth edge, Bs is the edge betweenness of edge s, Ls represents the average 

path length of the network after removing edge s, and Hs denotes the network connectivity after 

the removal of edge s. Edge betweenness measures the bridging role of an edge in the 

transmission of information or risks across the network and is defined as follows [23]: 

𝐵𝑠 =∑𝑔𝑖,𝑗(𝑠)
𝑖,𝑗

 (9) 

where gi,j(s) denotes the number of shortest paths between nodes i and j that pass through edge 

s. The arithmetic mean of the shortest paths among all pairs of nodes is defined as the average 

path length of the network, as presented below: 

𝐿 = 2
1

𝑁(𝑁 + 1)
∑𝐹𝑖𝑗

𝑛

𝑖=1

 (10) 

where L denotes the average path length, and Fij represents the shortest distance between nodes 

i and j in the complex network. Network connectivity was employed to characterize the overall 

connectivity of the network. 

3.4  Network vulnerability and attack simulation design 

To evaluate network robustness, this study designed node and edge attack simulations. Random 

and targeted attacks were constructed on the basis of complex network vulnerability theory. 

Random attacks simulate accidental failures, while targeted attacks prioritize removing critical 

nodes and edges in accordance with importance and vulnerability rankings. Network efficiency 

measures overall propagation capability, while the average clustering coefficient quantifies 

local aggregation. The simulation framework is illustrated in Fig. 2. 
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Figure 2: Flowchart of the attack simulation on the mine disaster evolution network. 

4. RESULTS ANALYSIS AND DISCUSSION 

4.1  Disaster event nodes and network topology 

After clustering and expert validation, a total of 42 categories of basic mine disaster events were 

identified, constituting the node set of the disaster evolution network, as presented in Table I. 

Table I: Basic event set of mine disasters. 

Node Disaster event Node Disaster event Node Disaster event Node Disaster event 

V1 
High gas 

concentration 
V12 

Ventilation door left 

open 
V23 External fire V34 

Personnel 

poisoning 

V2 Gas accumulation V13 Ventilator shutdown V24 Spontaneous fire V35 Casualties 

V3 Gas outburst V14 
Insufficient air 

supply 
V25 

Excessive CO 

concentration 
V36 Personnel trapped 

V4 Roof separation V15 Spark generation V26 
Reduced O₂ 

concentration 
V37 Economic loss 

V5 Rock bolt failure V16 Illegal blasting V27 
High dust 

concentration 
V38 Social impact 

V6 Roof fall V17 Miner lamp V28 Dust explosion V39 Barrier damage 

V7 
Roadway 

deformation 
V18 

Friction-induced 

ignition 
V29 

Signs of water 

inrush 
V40 Tunnel collapse 

V8 Rock burst V19 Gas explosion V30 
Failure to conduct 

exploratory drainage 
V41 Roadway flooding 

V9 
Insufficient 

airflow 
V20 

Secondary 

explosion 
V31 

Water inrush from 

goaf 
V42 Operational failure 

V10 Fan failure V21 Fire outbreak V32 Drainage failure — — 

V11 
Ventilator 

stoppage 
V22 Equipment burnout V33 Mine flooding — — 
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      Directed edges were established on the basis of temporal or causal relationships within the 

same accident narrative, with weights determined by co-occurrence frequency. The disaster 

evolution network is shown in Fig. 3. 

 

Figure 3: Complex network topology of mine disaster evolution. 

      From Fig. 3, the network exhibits multicentre coupling. Gas accumulation, gas explosion, 

insufficient ventilation, and spark generation occupy the core with extensive connections, while 

casualties and economic losses lie at the periphery. 

4.2  Overall analysis of the complex mine disaster evolution network 

On the basis of the constructed mine disaster evolution network, the overall topological 

properties were calculated, and the small-world characteristics and modular structure of the 

network were analysed. The overall network properties are summarized in Table II. 

Table II: Overall structural properties of the mine disaster evolution network. 

Metric Value Metric Value 

Number of nodes 42 Average clustering coefficient 0.158 

Number of edges 70 Average path length 2.91 

Network density 0.041 — — 

      The network has 42 nodes and 70 directed edges, indicating sparse overall connectivity. 

The average clustering coefficient is 0.158, with an average path length of 2.91, suggesting high 

connectivity and local clustering. The Louvain community detection presents modularity 

Q = 0.35, implying significant modular structure, dividing the network into four major 

communities (Fig. 4). 

 

Figure 4: Community structure of the mine disaster evolution network. 

      As shown in Fig. 4, the four communities correspond to (1) roof/water inrush, (2) 

explosion/fire/dust, (3) gas accumulation/ignition, and (4) ventilation/equipment. Strong 
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internal connectivity and evident intercommunity interactions occur. To further investigate 

cross-community propagation, this study visualized a coupling matrix based on causal 

interaction strengths as a heatmap (Fig. 5). 

 

Figure 5: Heat map of coupling strengths among the communities of the mine disaster evolution 

network. 

      Fig. 5 shows the strongest coupling between Communities 3 and 2, followed by the coupling 

of Community 4 with Communities 2 and 3. Community 1 shows weak coupling with others. 

The small-world property (average path length = 2.91, clustering coefficient = 0.158) indicates 

that local disturbances can rapidly propagate across the entire network. Modularity analysis 

(Q = 0.35) reveals four communities with heterogeneous coupling, where the strongest 

interaction occurs between the gas/ignition and explosion/fire modules (coupling strength = 

0.60), whereas the roof/water module remains relatively independent. Disaster escalation 

primarily relies on cross-module gas-related pathways triggered by ventilation failures. 

Therefore, emergency mitigation should prioritize critical inter-module links through enhanced 

gas monitoring and ventilation reliability. 

4.3  Local analysis of the complex mine disaster evolution network 

Results of node importance analysis: In accordance with equations, the degree centrality, 

betweenness centrality, closeness centrality, and PageRank values of the mine disaster 

evolution network were calculated. The results are presented in Fig. 6. 

      As shown in Fig. 6, critical nodes identified by different centrality measures are highly 

consistent. V19 ranks highest across degree, betweenness, closeness, and PageRank. V1, V2, 

and V35 also rank highly. V3, V9, and V15 show prominence under specific measures. A strong 

causal link exists between insufficient ventilation and high gas concentration, making 

ventilation abnormalities a key gas-disaster prerequisite. Spark generation also connects 

frequently with gas explosion, underscoring its critical role. 

      Results of edge importance analysis in the mine disaster chain: Edge vulnerability was 

calculated on the basis of edge betweenness, network connectivity, and changes in average path 

length, and all 70 directed edges were ranked in accordance with their vulnerability values. The 

critical edges with vulnerability values greater than 100 are listed in Table III. 

      Gas-related events, particularly gas explosion (V19), high gas concentration (V1), and gas 

accumulation (V2), consistently rank highest across all centrality measures, confirming their 

dominant roles as network hubs. Edge vulnerability analysis identifies “gas outburst → gas 

explosion” (V3→V19) and “high gas concentration → gas accumulation” (V1→V2) as the 

most vulnerable transmission paths. These critical nodes and edges represent priority targets 
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for intervention. Management strategies should emphasize real-time gas monitoring, ventilation 

optimization, ignition prevention, and explosion suppression at these specific links. 

  

  

Figure 6: Node importance measures of the complex network for mine disaster evolution. 

Table III: Vulnerability of edges in the mine disaster evolution network. 

No. Disaster edge Edge betweenness Connectivity Average path length Vulnerability 

1 V3→V19  68.2 0.976 3.58 238.6 

2 V1→V2 58.4 0.982 3.42 196.3 

3 V19→V25 52.7 0.988 3.65 190.1 

4 V9→V1  49.3 0.976 3.71 178.5 

5 V15→V19  44.8 0.982 3.59 158.2 

6 V6→V35  41.2 0.976 3.83 154.3 

7 V29→V31  38.5 0.988 3.77 143.6 

8 V31→V33 36.0 0.976 3.86 135.9 

4.4  Vulnerability simulation of the complex mine emergency safety network 

Node attack strategies include random and degree-, betweenness-, closeness-, and PageRank-

based attacks. Edge attacks involve random and deliberate attacks based on vulnerability 

ranking. 

      Vulnerability analysis under node attacks: Deliberate attacks were implemented in 

accordance with different node centrality measures, while network efficiency (E) and the 

average clustering coefficient (C) were employed to evaluate network performance. The 

corresponding results are presented in Fig. 7. 

      As shown in Fig. 7, deliberate node attacks impair performance far more than random 

attacks. For network efficiency, PageRank-based attack causes sharp decline with 5 % nodes 

removed. Degree-based drops rapidly at ~10 % and betweenness-based at ~15 %. Meanwhile, 



Wang, Xiong, Ye, Guo: Simulation of Mine Disaster Chain Mitigation via Semantic Network 

485 

closeness-based shows minimal effect until 35 % and then collapses, indicating delayed but 

substantial impact. For average clustering coefficient, degree-based produces the fastest decline. 

Random attacks cause gradual changes throughout, showing robustness against random failures. 

Closeness-based exerts limited early effect but collapses afterward. 

  

Figure 7: Network efficiency and average clustering coefficient under node attacks. 

      Vulnerability analysis under edge attacks: This study conducted edge attack simulations 

– random and deliberate based on edge vulnerability rankings – on the mine disaster network, 

using network efficiency and average clustering coefficient as metrics (Fig. 8). 

  

Figure 8: Network efficiency and average clustering coefficient under edge attacks. 

      As depicted in Fig. 8, deliberate edge attacks are considerably more destructive than random 

ones. Network efficiency drops to 0.028 at 20 % and near zero at 40 %, whereas random attacks 

cause slower declines with some propagations remaining at 70 %. The average clustering 

coefficient shows similar patterns: deliberate attacks reduce it to 0.024 at 25 % and make it 

approach zero by 40 %, whereas random attacks keep it above 0.090 at 70 %.  

5. CONCLUSIONS 

This study integrates disaster chain theory, complex network analysis, and BERT-based 

semantic embedding to construct a mine disaster evolution network. Based on semantic 

encoding and clustering of 120 accident reports, 42 standardized disaster events were extracted, 

and a directed weighted network with 42 nodes and 70 edges was established. Topological 

analysis, centrality measures, edge vulnerability assessment, and attack simulations were 

systematically conducted to identify critical events and transmission pathways. The following 

conclusions were drawn: 
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      (1) The proposed BERT-driven method effectively extracts disaster events from 

unstructured text, improving semantic representation and reducing redundancy. The 

constructed network exhibits small-world characteristics (average path length = 2.91, clustering 

coefficient = 0.158), indicating rapid propagation of local disturbances. Modularity analysis 

(Q = 0.35) reveals four communities, with the strongest coupling (strength = 0.60) between the 

gas/ignition and explosion/fire modules. 

      (2) Gas-related events, including gas explosion (V19), high gas concentration (V1), and gas 

accumulation (V2), rank highest across all centrality measures, confirming their roles as 

network hubs. The paths “gas outburst → gas explosion” and “high gas concentration → gas 

accumulation” exhibit the highest edge vulnerability, representing critical transmission 

pathways requiring priority intervention. 

      (3) Attack simulations demonstrate that targeted attacks based on criticality rankings are 

substantially more destructive than random attacks. PageRank- and degree-based node attacks 

cause rapid network decline with only 5 %–10 % removal, while vulnerability-based edge 

attacks achieve near-complete disruption after 40 % removal, confirming that targeted 

interventions are more effective than uniform measures. 

      Although this study provides a quantitative framework for mine disaster chain analysis, 

certain limitations remain. The network was constructed from historical reports, which may not 

capture all potential scenarios or temporal dynamics. Future work will incorporate dynamic 

network modelling and real-time data integration to improve disaster intervention strategies. 
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