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Keywords: Coal mine rockburst is a complex dynamic disaster induced by the accumulation and sudden release of energy during
coal mine rockburst, knowledge underground coal extraction. With the continuous increase in mining depth and intensity, both the frequency and severity of
graph, domain-specific large rockburst incidents have shown a significant upward trend, posing growing threats to mine safety, equipment integrity, and
language model, causal reasoning, production continuity. Despite extensive research, the prevention and control of rockburst still face major challenges, including
multi-source data fusion, knowledge fragmented multi-source heterogeneous data, knowledge silos across systems, limited causal chain reasoning, and difficulties in
governance, intelligent decision timely and accurate decision-making. These issues hinder the comprehensive understanding of disaster mechanisms and reduce
support. the effectiveness of prevention strategies. To address these limitations, this study proposes a systematic framework for

constructing and enhancing a coal mine rockburst knowledge graph supported by a domain-specific large language model. The
framework integrates multi-source data fusion, ontology-driven semantic modeling, and causal reasoning to establish a
structured and machine-understandable representation of rockburst-related knowledge. Meanwhile, the domain-specific large
language model is employed to improve knowledge extraction, enhance node semantics, support intelligent question answering,
and enable dynamic updating of the knowledge graph. By combining the strengths of knowledge graphs and large language
models, the proposed approach provides a unified platform for knowledge governance in the rockburst domain. It effectively
improves the accessibility, interpretability, and analytical depth of rockburst-related knowledge, offering strong support for risk
assessment, disaster prediction, and intelligent decision-making in coal mine safety management.

KorroyeBsie cj1oBa: T'opHble yaapel Ha yroJbHBIX IIAXTax MpPeACTaBJIAIOT c0060¥1 CJIOXKHYIO JMHAMHUYecKylo kaTacTpody, BhI3BaHHYI0 HaKOILJIeHHMEeM U
TOpPHBIE yIApbl HA YT'OJIbHBIX BHE3alHBIM BBICBOOOX/I€HHEM 3Hepruyd BO BpeMs noaseMHON Jo6erun yriA. C HEeNpPephIBHBIM yBeJIMYeHUeM TJIyOUHBI U
maxrax, rpad 3HaHUI, IPeJIMETHO- MHTEHCUBHOCTH J0OBIYM YIJIA YacToTa M TsXKeCTb HHIUAEHTOB, CBA3AHHBIX C TOPHBIMH YyAapaMy, AeMOHCTPUPYIOT
OpPHMEHTHPOBaHHas 6oJIbIIas 3HAUMTEJIbHYI0 TEeHJEeHLMI0 K POCTy, HpeJCTaBJiAd pacTyllylo yrpo3dy 6e30macHOCTU MIAXT, IeJIOCTHOCTH OOOpyJOBaHUA U
A3bIKOBasi MOAEJIb, TPUIMHHO- HenpephIBHOCTU J00bul. HecMoTps Ha oOIIMpHbIE KCC/IeJOBaHusA, IPeJOTBPalleHe U KOHTPOJIb TOPHBIX YAAapOB MO-IpeXHeMy
CJI€ICTBEHHAs CBA3b, CIMAHNE CTAJIKMBAIOTCA C CEPbE3HBIMU npoﬁnemamu, BKJIIOYasi GparMeHTUPOBaHHbIE Pa3HOPOJHbIE JaHHBIE U3 MHOXECTBA HMCTOYHUKOB,
JAaHHBIX U3 HECKOJIBKUX Pa3pO3HEHHOCTH 3HAHUI B Pa3JIMYHBIX CUCTE€MaxX, OrpaHUYEHHYI0 IPUYMHHO-CJIE[ACTBEHHYI0O CBA3b U TPYAHOCTU B
HCTOYHUKOB, yIIpaBJI€HHE CBOEBPEMEHHOM U TOYHOM IMPUHATUU peu.lel-mﬁ. 2T 1pobJieMbl NPeNATCTBYIOT BCECTOPOHHEMY IOHHMMAaHHUIO MeXaHH3MOB
3HaHUAMMY, UHTEJUIEKTyaIbHasA KaTacTpodbl U CHUXAIOT 3PPeKTUBHOCTh c’rpaTemf/’I TpeioTBpallieHus. J{JiA pelleHus 3TUX Npo6sieM B JaHHOM MCCJIeOBaHUU
TO/IEPXKKA IPUHATH PENIeHNI. mpeJiaraeTcs crUcTeMaThyeckas CTPYKTypa JJiA MOCTPOeHUs U COBeplIeHCTBOBaHUsA rpada 3HaHUI O TOpPHBIX yJapax Ha

YrOJIBHBIX LIAXTaX, HOJAEPKUBAEMOrO MPeJMETHO-OPUEHTHPOBAHHOI GOJIBIIOI A3BIKOBOI MoAesbio. IIpe[iaraemas CTpyKTypa
o0be[IHSAET CIIMSHUE JaHHBIX U3 HECKOJIbKHX MCTOYHHKOB, CEMaHTHYECKOe MOJEIMPOBaHKe Ha OCHOBE OHTOJIOTHII U IPUYMHHO-
CJIeICTBEHHBIE PACCYXKAEHUs [JIA CO3AAHMs CTPYKTYPUPOBAaHHOTO M MAIIMHOYMTAEMOTrO MpPEeACTaBJIeHUs 3HAHMUIL, CBA3AHHBIX C
rOPHBIMU yJapaMu. OJHOBPEMEHHO KCIIOJIb3YeTCs NpeAMEeTHO-OpHeHTHpoBaHHas LLM i yiiydilneHUs M3BJIeYeHUs 3HaHMUIL,
MOBBILIEHNS] CEMAHTHKU Y3JIOB, MOJAEPKKUA HHTEJUIEKTYaJbHOrO OTBETa Ha BONPOCHI M OOecneYeHHs ANHAMHYECKOTO
oGHoBJleHns rpada 3HaHuil. CoueTas mperMyiiecTBa rpadoB 3HAHUI U GOJIBLINX S3BIKOBBIX MOJEJIEN, NpeiJiaraeMblil MOAXOM
obecrieunBaeT eAMHYI0 IUIATGOPMY [JIA YNpaBJIeHHs 3HAHUAMHM B 00JIAaCTH TOPHBIX ygapoB. OH 3(bQEKTHBHO MOBHIIIAET
JIOCTYIHOCTh, HHTEPIPETUPYEMOCTh ¥ AHAJIUTUYECKYI0 IJIyOMHY 3HAHMil, CBA3AHHBIX C TOPHBIMH yAapamu, obecreyuBas
MOIIHYI0 TIOAJEPXKKY OLEHKH PHUCKOB, MPOrHO3UPOBAHKS KAaTacTpOod M MPHHATUA WHTEJIEKTYaJIbHBIX PELIeHUi B yIpaBJIeHUN
6€301aCHOCTHIO YTOJIBHBIX IIAXT.

Linlin Ding (Author ID in Scopus: 24334748500, ORCID: 0000-0002-4524-1647) — Doctor of Science, e-mail: dinglinlin@Inu.edu.cn.
Zhiyong Zhang (Author ID in Scopus: 59314524400, ORCID: 0000-0002-4676-2903), e-mail: dinglinlin@Ilnu.edu.cn.

Yuhang Hu (ORCID: 0009-0009-5467-7029), e-mail: dinglinlin@Inu.edu.cn.

Chenli Zhu (Author ID in Scopus: 57302863500), e-mail: dinglinlin@Inu.edu.cn.

Yiming Han (Author ID in Scopus: 59345902300, ORCID: 0009-0004-9362-7204), e-mail: dinglinlin@Inu.edu.cn.

Jlvebvne v (Author ID in Scopus: 24334748500, ORCID: 0000-0002-4524-1647) — JOKTOp TeXHUYECKHX Hayk, e-mail: dinglinlin@lnu.edu.cn.
Ywritod WkaH (Author ID in Scopus: 59314524400, ORCID: 0000-0002-4676-2903), e-mail: dinglinlin@Inu.edu.cn.

I0iixan Xy (ORCID: 0009-0009-5467-7029), e-mail: dinglinlin@Inu.edu.cn.

Yerwm Yxy (Author ID in Scopus: 57302863500), e-mail: dinglinlin@Inu.edu.cn.

Hmvus Xas (Author ID in Scopus: 59345902300, ORCID: 0009-0004-9362-7204), e-mail: dinglinlin@Inu.edu.cn.

TIpocs6a CChIIATHCA HA 3TY CTAThIO B PYCCKOA3BIYHBIX UCTOYHHUKAX CJIEAYIOIUM 00pa3oM:
MeTto/bl ocTpoeHus rpada 3HaHUI U NMpeMeTHO-OPUEHTHPOBAaHHON Mojes LLM Jyid aHanM3a TOpHBIX yAapoB HA YToJIbHBIX maxTax / JIuHbauHb JIuH, WxuiloH UxaH,
I0iixan Xy, Yensu Yxy, Umun Xan // Henponosb3osanue. — 2026. — T.26, Nel. — C. 46-54. DOI: 10.15593/2712-8008/2026.1.5

Please cite this article in English as:

Linlin Ding, Zhiyong Zhang, Yuhang Hu, Chenli Zhu, Yiming Han. Construction Methods of Knowledge Graph and Domain-Specific LLM for Coal Mine Rockburst. Perm
Journal of Petroleum and Mining Engineering, 2026, vol.26, no.1, pp. 46-54. DOI: 10.15593/2712-8008/2026.1.5

Perm Journal of Petroleum and Mining Engineering. 2026. Vol.26, no.1. P.46-54. DOI: 10.15593/2712-8008/2026.1.5



HEAPOMOJZIb3OBAHUE

Introduction

Coal mine rockburst is a highly destructive and
complex dynamic disaster that occurs during the coal
mining process. With the continuous increase in mining
depth, both the frequency and severity of rockburst
incidents have risen significantly, posing serious
challenges to mine safety and production [1-4]. Rockburst
disasters not only cause casualties and equipment damage
but also result in enormous economic losses and social
impacts [5-8]. Therefore, the accurate prediction and
effective prevention of rockburst disasters have long been
critical tasks in the field of coal mine safety production.

However, the prevention and control of coal mine
rockburst currently face numerous challenges in
knowledge governance [9-14], which severely restrict the
accuracy of disaster prediction and the effectiveness of
control measures. First, the prevention and control of
rockburst involve multi-source heterogeneous data,
including geological structure information, monitoring
data, accident reports, policy documents, and expert
experience. These data come from diverse sources, exist in
various formats, and are scattered across different systems
and platforms, forming “data silos” that lead to
information fragmentation and hinder effective integration
and sharing [15-19]. Such data fragmentation makes it
difficult for technical personnel to comprehensively and
accurately acquire and analyze relevant information,
thereby affecting the overall assessment and prediction of
rockburst disasters.

Second, the mechanism of rockburst disasters is
complex, involving the interaction of multiple factors such
as geological conditions, mining technology, and mine
pressure [20-24]. Constructing a complete causal chain of
disaster formation is key to achieving accurate prediction
and effective prevention. However, several difficulties
remain in this regard. On one hand, due to data
incompleteness and uncertainty, it is difficult to accurately
characterize the causal relationships among various factors
[25-27]. On the other hand, existing numerical simulation
methods suffer from limitations in both timeliness and
accuracy, making them inadequate for the rapid decision-
making required in real production environments [28-30].
As a result, technical personnel often lack sufficient
scientific basis when formulating prevention and control
measures, leading to unsatisfactory outcomes.

In addition, the prevention and control of rockburst are
also challenged by system and rule conflicts [31-33]. In
actual production, coal mining enterprises must comply
with multiple safety standards and operational regulations,
which may be inconsistent or even contradictory. In the
absence of a unified coordination mechanism, technical
staff may experience confusion during implementation,
increasing the risk of operational errors [34-37].
Meanwhile, with the rapid advancement of technology,
new technical tools and management approaches continue
to emerge. How to organically integrate these innovations
with existing regulations has become an urgent problem to
solve [38-41].

In summary, the knowledge governance challenges in
the coal mine rockburst domain are primarily reflected in
the following aspects:

- fragmented multi-source heterogeneous data leading
to information isolation;

—difficulties in constructing disaster-causing causal
chains affecting prediction accuracy;

—insufficient timeliness of numerical simulations
constraining rapid decision-making;

—conflicts among systems and rules increasing
management complexity.

America

Fig. 1. A general knowledge graph

The root cause of these challenges lies in the explosive
growth of knowledge complexity driven by technological
development, coupled with the lack of efficient and
systematic knowledge management approaches, which
significantly reduce decision-making efficiency.

Therefore, there is an urgent need for a knowledge
management tool capable of integrating multi-source data,
supporting causal reasoning, and consolidating domain
expertise to enhance the scientific and effective
management of rockburst prevention and control. As an
emerging structured semantic network technology, the
knowledge graph (KG) possesses strong capabilities in
knowledge representation and reasoning, providing new
ideas and methods for addressing the above challenges.
This paper will explore in detail the construction and
application of a coal mine rockburst knowledge graph,
aiming to provide robust knowledge support for coal mine
safety management.

Domain-specific knowledge graphs
for coal burst in mines

General knowledge graphs and domain-specific
knowledge graphs for coal burst in mines. A general
knowledge graph is a large-scale structured semantic
network designed to represent real-world entities, concepts,
and their interrelationships in the form of a graph [43].
By representing knowledge as a graph composed of nodes
(entities or concepts) and edges (relationships), it
effectively organizes and manages massive amounts of
semantic information. The core of a general knowledge
graph lies in its structured representation of knowledge,
which enables computers to efficiently understand and
process information. As shown in Fig. 1, the knowledge
graph provides a structured representation of key
information related to Bill Gates. They contain hundreds of
millions or even billions of entities and relationships,
providing users with rich and diverse knowledge retrieval
services. These knowledge graphs cover a wide range of
domains, from natural phenomena to social culture, from
scientific principles to everyday knowledge, encompassing
almost all aspects of human wunderstanding. The
construction of general knowledge graphs is usually based
on open data. Structured knowledge triples (subject —
predicate — object) are extracted from large volumes of
text, web pages, and other data sources to build the
knowledge network. For example, “Bill Gates, founded,
Microsoft” is a typical example of a knowledge triple.
Through this approach, general knowledge graphs can
integrate fragmented pieces of information into an organic
whole, offering users more accurate and comprehensive
knowledge retrieval services.

However, although general knowledge graphs possess
strong capabilities in knowledge representation and
reasoning, their limitations become increasingly evident
when applied to specific domains such as coal mine rockburst.
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While general knowledge graphs cover a wide range of
knowledge areas, they often lack sufficient depth and
domain expertise, making it difficult to meet the needs of
professional users for complex knowledge queries and
reasoning [43; 44]. For instance, in the field of coal mine
rockburst, a general knowledge graph may fail to
accurately represent the spatiotemporal constraints of
geological structures, the causal chains of rockburst
formation, and specialized prevention and control
technologies. To overcome these limitations, domain
knowledge graphs have emerged. As illustrated in Fig. 2
[45], a domain knowledge graph focuses on a specific field
by integrating domain-specific concepts, entities,
relationships, and related semantic information to form a
structured knowledge network. It provides professional
users with more precise and in-depth knowledge retrieval
and reasoning services, thereby addressing the complex
knowledge demands within a specialized domain.

The construction of a domain knowledge graph
typically involves an in-depth analysis of the domain’s
knowledge system to identify its core concepts, entities,
and relationships. It also requires collecting multi-source
data from the domain, including literature, reports,
databases, and expert experience, and integrating them
into the graph. By extracting structured knowledge triples
from the integrated data and building the ontology model
of the domain knowledge graph, the system can deliver
more intelligent and context-aware knowledge services.
For example, in the coal mine rockburst domain, a domain
knowledge graph can utilize causal chain reasoning to
construct a complete disaster-causing causal chain,
revealing the causal relationships among various factors
and providing a scientific foundation for disaster
prediction and prevention.

The transition from general knowledge graphs to
domain knowledge graphs represents an inevitable trend
in the application of knowledge graph technology to

specific domains. By incorporating spatiotemporal
constraint representation, causal chain reasoning, and
support for domain-specific terminology and standards,
domain knowledge graphs can better meet the complex
knowledge demands within specialized fields, as shown in
Fig. 3. In the field of coal mine rockburst, the
spatiotemporal constraint representation capability enables
accurate description of the contextual background of
rockburst events, providing more precise temporal and
spatial information to support disaster prediction and
prevention. The causal chain reasoning capability allows
the construction of complete disaster-causing causal chains,
revealing the causal relationships among various
influencing factors. Meanwhile, the ability to support
professional terminology and standards ensures the
accurate expression and understanding of specialized
concepts and regulations, offering more precise knowledge
services for domain experts. These capabilities make
domain knowledge graphs highly valuable in the
prevention and control of coal mine rockburst. They can
provide strong technical and analytical support for
engineers, managers, and researchers in coal mining
enterprises, enhancing the scientific basis and efficiency of
safety management and decision-making.

The technical core of the knowledge graph for the coal
burst domain. In the process of constructing a knowledge
graph for the coal mine rockburst domain, its core
technical framework must focus on addressing three key
challenges: spatiotemporal constraints, cross-modal fusion,
and domain-specific interpretability, as shown in Fig. 4.
These technical components together form the
fundamental architecture of the knowledge graph,
enabling the effective integration of multi-source data,
supporting complex reasoning, and providing precise
knowledge services tailored to the professional domain.

First, the knowledge graph for coal mine rockburst
must effectively represent spatiotemporal constraints, as
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Fig. 4. The technical core of the knowledge graph for the coal burst domain

rockburst events are influenced by geological conditions,
mining activities, and dynamic temporal-spatial factors.
Second, it should possess cross-modal fusion capability
to integrate multi-source heterogeneous data — such as
geological reports, monitoring records, and expert
knowledge - providing a more comprehensive
understanding of event mechanisms. Finally, professional
interpretability is essential; by constructing a domain-
specific ontology that defines key concepts, entities, and
relationships, the knowledge graph can accurately
represent causal links (e.g., between coal seam
compression and rockburst) and support reliable reasoning
for prediction and prevention.

By addressing the three core challenges -
spatiotemporal constraints, cross-modal fusion, and
professional interpretability — the knowledge graph for
coal mine rockburst can effectively integrate multi-source
data, support complex causal reasoning, and provide
precise knowledge services for the domain. These technical
foundations not only enhance the applicability of
knowledge graphs in the field of coal mine rockburst but
also establish a solid technological basis for rockburst
prediction, prevention, and decision support.

The four core functions of the knowledge graph in the
coal burst domain. The construction of a knowledge
graph for the coal mine rockburst domain is not merely
aimed at storing and displaying knowledge; more
importantly, it leverages its structured and semantic
characteristics to provide comprehensive support for coal
mine safety production. Specifically, the knowledge
graph plays a crucial role in four key aspects: knowledge
integration, causal reasoning, knowledge accumulation,
and decision support.

First, the knowledge graph demonstrates strong
advantages in knowledge integration. The prevention and
control of coal mine rockburst involve multi-source
heterogeneous data - such as geological structures,
monitoring data, accident reports, policies, and expert
knowledge - that are often fragmented across systems.
By integrating these data into a unified framework,
the knowledge graph enables interconnection and
interoperability. For instance, combining geological
exploration data with real-time monitoring information
allows for a more comprehensive understanding of
geological conditions and more accurate rockburst
risk assessment. This integration enhances data
usability and provides a solid foundation for analysis and
decision-making.

Second, the knowledge graph exhibits powerful causal
reasoning capabilities. Rockburst formation involves
complex interactions among geological, mechanical, and
operational factors. By establishing a structured semantic
network, the knowledge graph can clearly represent causal

chains, such as between coal seam compression and roof
fracture, thus enabling prediction of rockburst probability
and impact. This reasoning ability deepens understanding
of disaster mechanisms and supports the formulation of
effective prevention and control strategies.

Furthermore, the knowledge graph contributes to
knowledge accumulation in the coal mine rockburst
domain. Domain knowledge includes not only scientific
findings and technical standards but also practical
experience that is often difficult to inherit or share. By
formalizing and storing such knowledge - such as
expert experience and accident case analyses — the
knowledge graph preserves valuable insights and
facilitates learning for new professionals. This promotes
continual knowledge inheritance and reduces the risk of
expertise loss.

Finally, the knowledge graph offers significant
potential for decision support. Managers in coal mining
enterprises must make timely and informed decisions in
complex environments. By providing comprehensive and
structured knowledge on geological conditions, monitoring
data, and control technologies, the knowledge graph
assists in developing more scientific and targeted
prevention strategies. This enhances decision accuracy and
reliability while effectively reducing management risks.

Construction and enhancement of knowledge
graph and large language model for coal mine
rockburst

Technical roadmap for the coal burst knowledge
graph. The construction of a knowledge graph for coal
mine rock bursts is a systematic engineering process
involving the collection, processing, and integration of
multi-source data, as well as the extraction, modeling,
and application of knowledge. This process requires the
comprehensive use of multiple technical approaches to
ensure the accuracy and practicality of the resulting
knowledge graph. As shown in Fig. 5, the core of the
technical route lies in efficiently extracting valuable
knowledge from massive, heterogeneous data sources and
organizing it into a structured knowledge network.

The construction of a coal mine rock burst knowledge
graph consists of four key stages: data acquisition,
information extraction, knowledge integration, and
knowledge storage.

In the data acquisition stage, it is necessary to
comprehensively collect multi-source data such as
geological exploration reports, real-time monitoring data
from equipment, accident case records, policy documents,
and expert experience. These data must then undergo
preliminary screening and cleaning to ensure reliability
and usability.
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Fig. 5. Technical roadmap for the coal burst knowledge graph
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In the information extraction stage, natural language
processing (NLP) and machine learning techniques are
employed to convert unstructured or semi-structured data
into structured knowledge wunits. For example, key
information about accident occurrences can be extracted
from incident reports, while critical features can be mined
from monitoring data.

Next, during the knowledge integration stage, an
ontology model of the knowledge graph is constructed to
integrate the extracted structured knowledge. Domain-
specific concepts, entities, relationships, and their
semantic constraints are defined to form a complete
knowledge network, while knowledge redundancy and
conflicts are resolved.

Finally, in the knowledge storage stage, the integrated
knowledge is imported into a graph database to form a
complete knowledge graph, enabling users to perform
rapid querying and analysis. This also facilitates
visualization and intelligent reasoning, while supporting
dynamic updates to reflect changes and new insights in
coal mine operations in a timely manner.

Through this technical route, the coal mine rock burst
knowledge graph can effectively integrate multi-source
data, support complex causal reasoning, and provide
precise knowledge support for coal mine safety
management. This process not only involves data
collection and processing but also encompasses knowledge
extraction, modeling, and application, making it a
multidisciplinary and comprehensive engineering task. By
constructing the knowledge graph, coal mining enterprises’
technical managers and researchers can access a
comprehensive and accurate knowledge platform that
helps them better understand and respond to the complex
dynamic disaster of rock bursts.

Ontology design for the coal burst knowledge graph.
Ontology design is a core component in constructing the
knowledge graph for coal mine rock burst management. It
defines the concepts, entities, relationships, and semantic
constraints within the domain. Through the ontology
model, dispersed knowledge units can be integrated into a
structured knowledge network, providing a solid
foundation for the construction and application of the
knowledge graph.

When designing the ontology, it is first necessary to
identify the core concepts and entities of the domain based
on the expertise and research findings of field specialists.
These core concepts and entities serve as the cornerstone
of the knowledge graph, encompassing all aspects related
to rock burst phenomena during coal mining operations.

Data of the coal burst knowledge graph. In the
construction of the coal mine rockburst knowledge graph,
data collection and organization are fundamental steps of
critical importance. The quality and completeness of the
data directly affect the accuracy and practical value of the
knowledge graph. As shown in Fig. 6, relevant literature,
expert knowledge, existing databases, and terminology sets
related to coal mine rockbursts were collected from the
internet and previously available data sources. After data
cleaning and organization, a total of 138 rockburst-prone
mines, 1.135 coal mine domain question-answer pairs,
12.437 policy documents, and 371 technical manuals were
effectively integrated.

The multi-source data — including rockburst reports,
Q&A records, policy documents, and technical manuals —
provide abundant resources for knowledge graph
construction. Rockburst reports contain detailed records of
geological structures, mining processes, monitoring data,
and specific rockburst events; Q&A data reflect the
practical problems encountered by technicians and their
solutions; policy documents outline technical standards,
operational procedures, and safety ~management
requirements for rockburst prevention and control; and
technical manuals encapsulate rich practical experience
and technical summaries. Together, these data encompass
professional knowledge, technical expertise, regulatory
policies, and operational norms.

By collecting and organizing such diverse data
sources, a comprehensive and accurate knowledge
foundation can be established for constructing the coal
mine rockburst knowledge graph. This data not only
enriches the content of the knowledge graph but also
provides a holistic knowledge platform for technical
managers and researchers in coal mining enterprises,
helping them better understand and address the complex
dynamic hazard of rockbursts.

Entity extraction for knowledge graph. In the
construction of the coal mine rockburst knowledge graph,
entity extraction serves as a key step in transforming
unstructured textual data into structured knowledge.
Online platforms contain vast amounts of unprocessed text
data — such as accident reports, geological exploration
documents, and policy papers — which embed valuable
knowledge about rockburst phenomena. As shown in Fig. 7
[47], the objective is to automatically extract rockburst-
related entities and relationships from these documents to
enrich the content of the knowledge graph.

To achieve automatic extraction of entities and
relations related to coal mine rockbursts from web-based
textual data, a high-quality annotated dataset must first be
established, consisting of texts paired with expert-labeled
entities. Domain experts are essential in this stage to
ensure labeling accuracy and consistency. Next, an
appropriate pretrained model (such as BERT or RoBERTa)
is selected and fine-tuned for the entity extraction task
specific to the coal mine rockburst domain. The fine-
tuning process involves adjusting model parameters and
optimizing the objective function to enhance the model’s
comprehension of domain-specific language and its
capability to recognize entities accurately. Once the model
is trained, it can be applied to new textual data (such as
recent accident reports or monitoring data) to
automatically identify entities and convert them into
structured knowledge units (for example, knowledge
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triples), which are directly imported into the knowledge
graph. This not only enriches the graph’s content but also
supports downstream applications.

Through these steps, rockburst-related entities and
relationships can be automatically extracted from large-
scale textual data, providing abundant knowledge
resources for constructing the coal mine rockburst
knowledge graph. This process significantly improves the
efficiency of knowledge graph construction and offers
crucial technical support for rockburst prediction,
prevention, and management in coal mining operations.

Construction of the coal burst knowledge graph. The
construction of a knowledge graph for coal mine rockburst
is a key process for integrating multi-source data and
achieving efficient knowledge management and
application. By organizing the extracted entities and
relationships into a structured knowledge network, the
knowledge graph provides strong support for the
prediction, prevention, and management of coal mine
rockbursts. As shown in Fig. 8, this process involves
several essential steps, including ontology design,
knowledge fusion, and graph construction and validation.

Graph construction and validation are crucial to
ensuring the quality and usability of the knowledge graph.
By importing the fused knowledge into a graph database, a
complete coal mine rockburst knowledge graph is
established. The graph database efficiently stores and
queries graph-structured data, supporting complex causal
reasoning and knowledge retrieval. To verify the accuracy
and practicality of the knowledge graph, its performance
was tested through real-world cases in rockburst risk
assessment and prevention strategy recommendation. For
instance, technical personnel can use the knowledge graph
to quickly identify the rockburst risk level of a specific
coal mine and obtain corresponding prevention and
control recommendations. Validation results demonstrate
that the knowledge graph provides precise knowledge
support for coal mine safety management.

Intelligent question answering and LLM-driven
knowledge graph enhancement. In the field of coal mine
rockburst, the ultimate goal of constructing a knowledge
graph is to enable an intelligent question-answering (QA)
system that supports rapid and accurate information
retrieval and decision-making. To achieve this, we
developed an intelligent QA system based on a domain-
specific large language model (LLM). This system leverages
the knowledge graph for information extraction and
semantic understanding, thereby providing precise and
context-aware answers.

1. Implementation of intelligent question answering. As
shown in Fig. 9, using the developed domain-specific LLM,
intelligent QA is performed for queries related to coal
mine rockburst. The system analyzes the user’s question,
automatically queries the knowledge graph, retrieves
relevant information, and generates accurate responses.
This process not only improves the efficiency of
information retrieval but also enhances the accuracy and
reliability of the QA system. For example, users can
inquire about specific coal mine safety regulations or
rockburst prevention measures, and the system can quickly
extract relevant information from the knowledge graph to
provide detailed and precise answers.

2. Knowledge graph-enhanced document retrieval. The
knowledge graph plays a crucial role in improving
document retrieval efficiency and accuracy. By utilizing
the constructed rockburst knowledge graph, users can
quickly query relevant information and achieve efficient
knowledge access. The structured nature of the knowledge
graph enables more precise and context-aware document
searches, allowing users to locate the required documents
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or information fragments through entities, relationships,
and other graph elements. As shown in Fig. 10, technical
personnel can query the knowledge graph to obtain the
rockburst risk level of a specific coal mine, along with
corresponding prevention measures and recommendations.
This allows them to rapidly locate related policy
documents, research reports, or case studies.

3. LLM-driven knowledge graph enhancement. To
further enhance the practical value of the knowledge
graph, we employ LLMs to summarize and enrich the node
information within the graph, as illustrated in Fig. 11.
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Fig. 10. Knowledge graph query
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Fig. 11. The large model summarizes the information of each node

The superior semantic understanding and reasoning
capabilities of LLMs enable a deeper comprehension of
node content, thereby improving the overall quality and
usability of the knowledge graph. In practical applications,
LLMs can summarize node information, extract key
insights, and generate more comprehensive and detailed
descriptions. For instance, regarding rockburst prevention
technologies in coal mines, LLMs can not only provide
basic technical descriptions but also generate application
cases, performance evaluations, and optimization
suggestions based on related knowledge.

In addition, LLMs can support the dynamic updating of
the knowledge graph. As coal mine safety practices continue
to evolve, new knowledge and experiences need to be
promptly integrated into the graph. By analyzing the latest
literature, reports, and expert opinions, LLMs can identify and
extract new knowledge units and incorporate them into the
knowledge graph. This dynamic updating capability ensures
that the knowledge graph consistently reflects the most recent
advancements and best practices in the field.

Through intelligent question answering, knowledge
graph-assisted document retrieval, and LLM-driven
knowledge graph enhancement, we have developed a
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