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Construction of a mine accident knowledge graph based on Large Language Models
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(1. School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, China;
2. Hebei Provincial Key Laboratory of Security Information Perception and Processing, Hebei University of
Engineering, Handan 056038, China)

Abstract: Current methods for constructing knowledge graphs in the field of mining require a large amount
of manually labeled high-quality supervised data during the pre-training stage, resulting in high labor costs and
low efficiency. Large Language Models (LLMs) can significantly improve the quality and efficiency of
information extraction with only a small amount of manually labeled high-quality data. However, the prompt-
based approach in LLMs suffers from catastrophic forgetting. To address this issue, graph-structured information
was embedded into the prompt template and a Graph-Structured Prompt was proposed. By integrating this prompt
into the LLM, high-quality construction of a mine accident knowledge graph based on the LLM was achieved.
First, publicly available mine accident reports were collected from the Coal Mine Safety Production Network and
preprocessed through formatting corrections and redundant information removal. Next, the LLM was utilized to

extract knowledge embedded in the accident reports and K-means clustering was used to classify entities and
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relationships, thereby completing the construction of the mine accident ontology. Then, a small amount of data

were labeled based on the ontology, which was used for LLM training and fine-tuning. Finally, the LLM

embedded with the Graph-Structured Prompt was employed for information extraction, instantiating entity-

relation triples to construct the mine accident knowledge graph. Experimental results showed that LLMs

outperformed the Universal Information Extraction (UIE) model in entity and relationship extraction tasks.

Moreover, the LLM embedded with the Graph-Structured Prompt achieved higher precision, recall, and F1 scores

compared to those without it.

Key words: mine accident; knowledge graph; Large Language Model; Graph-Structured Prompt; ontology

construction; information extraction

0 35

TR L5 2 45 48 Ab i 1 SO 48 TR, LD =
JCLH WL G5 M A s 2 WLt A AP e B A G 52
TR R HSE O R Y, g I 40, KR TR B
HE AR SCAR BB A AE, G5 R AL R AR, HE LA S
IR HE B B A28 S R, A AT Il =
PR RS AT A RO G e SOR SRl i | 280 K
Ji DR e s B S A R SR T G R K L b R
e 5 A DR AR SC B DY 3R B H 2 Rl i G &R LA
=R IE X IEAT A0, 350 1L S0 lUE R 254
AR BE, DA S B S 0A5 B i B0 32 48 22 iR
B, A L RS TR 5 T N e e R R R S R
FHCo T 5 R B W SR R T 4 — R
I REAL 22 48 PR 0 e AR LRIl o4

FER LLATU T SR S g 2, 3 e B A D
AR TP R ] 5C R AT o A, L TR
AP AR, Syl R 2 A R R R 3 SR
THIEHS ., WHEEYRE T —MET L.
METHONTOLOGY ¥ iy A {1 75 12, SR I FHR A
it BRI 0V o R ST A (R e 55 51) Neodj P 545 e
S8 T B AU R T AR 2R A A DI
TR E FAFAE S SO R I S A
JEE, A TR I AR, Al T ICE
WAL T HE A . W BRI AR R B 2R
Lattice—LSTM #5 B £ 17 S AU, SR FH 386 T 55 W&
%7 2] 11 Bootstrapping J7 1% #E 47 ¢ R, 58 1 M
BB e R S A A . T R A TR X
LS HR B R, B T B TR A E A AT Y
SRV, AR TR A S5 R A, BT TR
LGSR, M TR B AR R s
SR FHIK A S B 25 4 M0 B 1) 190 25 R T 4 B A0 e 46y 1)
RN, TE RIS R 0 2519 Lattice—LSTM 5 A1,
SEM T LR RV SR, ST LR B
TR SR A . B 1L AT T R ) 7 2 R FH

il

TN GA R0 7 2%, 207 AR B 2k B Be s 22K
T N bR 7 A o I W B O Y, A T v T Y
W B B 7 B AR AT BRI B AR EAR

I Ak, Kl 5 B & (Large Language Model,
LLMDTE [ AR5 5 #Ui | 2¢ >J F1 k38 b U 3R %
i, LLM W] AE /D N bR I 04 5 o 50l T b 35 4
e S Ry T i ELACRR B, Tz T A% 4
B4 BT 45 112 ML Agrawal 25 HER] T LLM
TEBA S Xl S AT N ZR B 0 T, ATl 2%
FEAFN D FEA Y B 7 SCARF A BUE 55 h R B R
4f. S. Wadhwa %5 IERH T LLM AJ & i 2 b 5¢ 2>
FEABT S B . 845 PER] T LLM 76 R4
X 7K A B U SO AT YN ZRAE BL T, A AE D
AT I B SCAS S B v B A S A, R, B
LLM B H FZEREARR A9 1L =35 5UE BRI E
55, INTAE 0 L g R R 2 AT AT o

B LLM A AW & %, Prompt B 21N B IR 1E
A B ) — AP TR 7, O LLM A A T
— T ORI T L AR B 25 ik O 4R, LLM
L4 Prompt A7 ¥k 27 I HEPE AR T T Bfl
Y J 0 PR B SCRE T3 2%, Mk DL AL R 2 B A
KFR MG BT SS. EIS5H(F B AT 1S 5 A5 AU X 52
PR IR 52 2 OC 2R A PRAFRE 7, B w5 S Hh BRI OC ZR 4
BURMERG % . Li Lei 258 "R T —Fp 36T 1 F S0
JHPEL 45 48] 1 P61 45 BRI 28 e A T S ORI AT 55, 46
TR R R SCfF B AR JT . Zhang Qianjin
5 LR S I 1 e 2R PR 2 £ R R A TR I S A
B, FEOC R PT3535 528l 1 PR RE SR T, 3o 14
RIXT IR SCRYPRfRRE T . PR, A SCK R 25 45 2
i A 2| Prompt A 7, $2 1 T B 454 Prompt, i o
£ LLM iz A 454 Prompt, #2748 1L 35 HCRRE
TR R . TS, XTI B R Ll SR A
17004 34T B I AR vE L o UK, Fi HRAH G SCIF 25K,
fift F LLM X 1L =5 Bl 15 SOAS b i {5 8 AT
K-means 5 25081, 32408 F 80157 8 % S8 1A S st ik



¢ 78 . Iy 8

% 51 %

B SC R, SEME AR . AR5, B L sl
SCA P2 Y T S5 A8 15 B A B Prompt AR 1, E
(R NITE T ORI EFNLIEFSE IS R USS
A =i fa, RAEAICE A9 SARSE R = on
fE SN

1 EFLLM 87 LWESFREEmE

ASSCR A T T A9 77 A AT L S SO RS
Y S N R WS T N S| A b R S B 6
JRP B BRI Z 2 b, A R L
= i — RPN SR 0K; W)= T2 — &5
FL = Iu A, AR LA S A AT A7 i
1 A HU AR, BRI 2 4 A 7= 2 JF 9 A 1

Tt T : Pt

Prompt

PNTEL It

RO R A4 TR | 44 TR K sl e AT HE B A
B AR, SR i SRR s T i 440 44 1]
TR, Ok AR 4R i 3G T R SR A il i
LLM X SR G5 R AR i i 0 R 47 28230 #r, [+
I &5 5 O 1 AR 7 22 4 Sl i AR A Ak BRI 3 )
QL ™ 22 A SR AT o5 0] A Ak B 2R 40 ) R 2 e A
7R ) R SR AL S YN A, AT 1L g
WA S AR R 52 WU, R LG TR R AT D Y
N AR, bR £ HF LLM 192 > 5600 . 4% 18
AR A A SCBOTHE B O . 7R R
R L2 R B TP A [R] SCAS R S e A T 5
Z (14 P S5 R A5 B A B S Al SR {8 LLM
PEAT SR B & R AU, A5 2007 1L =l SOAS Hh Y SR
KA =, e AR Y LB .

B 1w IS BORRE SR g R

Fig. 1 Construction process of mine accident knowledge graph
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Table 1 Comparison results of Universal Information
Extraction(UIE) model and Large Language Model(LLM) in

information extraction tasks
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