5T )5 AR

Journal of Geomechanics
ISSN 1006-6616,CN 11-3672/P
H %0 T

B R R 03 T

CSCD SR Rzl )

T
]

CHBBE 1254k PR RIS

WIGHEH - 5= 00 s 5 2B RS AR B 72k S8
e Hwk, THGe, MWR, 2=, WEA, fLIEM, 5%
DOI: 10.12090/j. issn. 1006-6616. 2026098

FERAIHA] . 2026-07-15

SRS A]: 2026-09-11

T RRISETR] . 2026-09-24

T L OB 5t B

TR, A2 TR AE P48 L AR AR5 AR Bt 2 i, SR LT
FRAFER L3R AT A IF, 2 U AR T iCAS o T i 1) S8 A2 B
AR = E HAEE, ATER PR, HAERZEE
WS CEARBGER) SRl AHE IR o T AR ) SCEREAE 22 R R EN
Wl O, BRI RS SC = R] BE S T R SC RIS AN, L
B2 H R AR DO 7 A T S AE Rl At 0 2 s AL
LTS S LR NS IE U A N, EXCE ERN R R
P UIUP

FAWTTEGIR UL, N2 PLEIRI R8T A A 2= e s (H
gn SRz QISR 8] ) A, U = DLIE =407 2 B D= A i AR
H 39



SIRAMER: Hwk, TBGE, MR, 5, 2026, 5T A ST (S B BRI EUS IR VEBERR[J). HUR AR, 32 () ¢ 000-000. DOIL: 10.12090/j.issn.1006-
6616.2026098

Citation: XIAO K'Y, WANG Z Y, LIU B L, et al., 2026. Advances in intelligent extraction and identification of metallogenic information for mineral prospectivity
mapping[J]. Journal of Geomechanics, 32(x): 000-000. DOI: 10.12090/j.issn.1006-6616.2026098

MR EEERRMSRAGEER

BEKP EHES, WA, FEY, WEAY, LBED, IR

XIAO Keyan'***, WANG Zhengyao'**, LIU Bingli'?, LI Cheng'?, CAO Changjie'?, KONG Yunhui'?, WANG Yao'**

—_

- BHRE TOREHeE R e, DU S 6100595

B DY) R SRR, DU)I R 610059;

R E BT REEBER P IR ST, JER 100037

RHERIN S 7 B 4 [ R SR, B AT 100037

1. School of Mathematical Sciences, Chengdu University of Technology, Chengdu 610059, Sichuan, China;

AW

2. Geomathematics Key Laboratory of Sichuan Province, Chengdu 610059, Sichuan, China;
3. Institute of Mineral Resources, Chinese Academy of Geological Sciences, Beijing 100037, China;
4. State Key Laboratory of Deep Earth and Mineral Exploration, Beijing 100037, China

WE: RH, RRPEZXZFEHFUNFEREZR. E2THEHE S MBYE, FEAAHAT NRETHE., TRIETNE L
WHERRAEBARE, BRMF-HE., HAF, BERYE-BRRZEZHER, REREZHEL. Fitoir. FENE
F,REFA, WP ARRERRIES T E, WE “BREHE—HFIAREREAL—RT EE—ZHRkBE—TNRE—F
EMMN—RIE” WERER, HFURIEFTENEBEARLA ., EARE. AR, BEGARRIETA. PHHFRE. T
BE, Ry EE. MEER. RELAHRECHT L 6 XRT A4 ER, RE_ETHENIEEE 4B EK2XTER KL, U
PEREEEMA., FESHGRI., EANEFIRA. REZARE, MIRAK, ZEA5ITERIE 6 MATT., ERWENLE
(convolutional neural network, CNN) 5 & 44 W 4/ % 1 4% (graph neural network/graph convolutional network, GNN/GCN) [
BEEF, HAERTHAMNMAMERGEAN X AFL, BAERI ST~ EEEMBE, SRR, X, BT ERRTIRRE
MIEEE TWHNEAIEE ). AT ELERT NRENEH RN HILE, EREETAMATHRENL. REMEK. #iE
FE. BARKHEME TRIE, MELEZELE. FAT ELARANZ KT R, ¥ KREAET ALK, FwEL R E.

CHE—ZRA . THREMRARFTEEES .

KR AT R BRRREAA; w7 EE; FOlEE; 7 ~F

FESES: P628  EKFRERL: A XEHS: 1006-6616 (202x) 00-0000-00
DOI: 10. 12090 /j. issn. 1006-6616.2026098

Advances in Intelligent Extraction and Identification of Metallogenic Information for Mineral Prospectivity
Mapping

FGTIH: Hrildes /R B X ESPPRRIBE (2024B03009-3) 5 PUJI14E H AR AL G H (2024NSFSC0009, 2026NSFSCZY0043, 2026NSFSC0238)
This research was financially supported by the Science and Technology Department of Xinjiang Uygur Autonomous Region (2024B03009-3) and the Science and
Technology Department of Sichuan Province (2024NSFSC0009, 2026NSFSCZY 0043, 2026NSFSC0238)

HfEE: HwR (1963—) , H, Md, TR, FENFF - RIETIN. e 5 sy U . Email: kyanxiao@sohu.com
WEEE: FBEGR (2001—) , 9, (e, BHA7 mCAECE . e BRI S % A %68 Email: wangzhengyao@stu.cdut.edu.cn
YA HH: 2026-07-15; 1 HH: 2026-08-31; FA HH: 2026-09-11; WL BREH: 2026-X-X; RERE: E_F

Received: 2026-07-15; Revised: 2026-08-31; Accepted: 2026-09-11; Available online:  ; Handling Editor: Fan Erping



Abstract:[Objective] The exploration of deep, concealed, and covered mineral resources is increasingly affected by scale mismatches,
background interference, and ambiguous geoscientific responses. The objective is to clarify the hierarchical relationships and methodological
pathways through which metallogenic knowledge can be transformed into computable and verifiable predictive information. [Methods]
Structural geological, geochemical, geophysical remote-sensing, and three-dimensional spatial information were systematically reviewed. This
involved spatial quantification, statistical analysis, conventional machine learning, deep learning, geological-knowledge constraints, and spatial
validation. A hierarchical framework of "raw data—geological objects and anomalous responses—metallogenic information—spatial
representation—predictive variables—quantitative prediction—validation" was established, and different methods were compared in terms of data
organization, applicable scale, sample design, interpretability, and validation strategy. [Results] Six classes of mineral system information were
synthesized, including material sources, migration pathways, favorable depositional spaces, precipitation and enrichment, preservation
conditions, and known mineralization. Two principal spatial representations were summarized, namely two-dimensional thematic
maps/evidence layers and three-dimensional attribute volumes. Six technical components were identified: information spatialization, anomaly
and multivariate-association extraction, conventional machine-learning recognition, deep spatial representation, knowledge constraints, and
spatial or engineering validation. Both convolutional neural networks (CNNs) and graph neural networks/graph convolutional networks
(GNNs/GCN ) belong to the field of deep learning, but are suited to different data organizations: CNNs are more appropriate for regular rasters
or voxels, whereas GNNs/GCNs are more suitable for irregular relational networks. Random sample splitting may cause spatial leakage, while
spatial-block, leave-area-out, cross-district, and engineering validation are more appropriate for evaluating model transferability. [Conclusions]
Metallogenic information is computable evidence produced by quantifying metallogenic knowledge. Its reliability depends primarily on
geological semantics, scale compatibility, data quality, sample representativeness, and independent validation rather than algorithmic
complexity. Intelligent extraction and identification of metallogenic information should therefore remain constrained by mineral-system
concepts, deposit models, and prospecting models, with future emphasis on multisource integration, coordinated two- and three-dimensional
representation, uncertainty characterization, and interpretable learning.

Keywords: metallogenic information; intelligent extraction and identification; metallogenic model; predictive variable; mineral prospectivity
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Fig. 1 Relationships among theoretical constraints, information construction, intelligent models, and prospectivity assessment

(a) Identification of geological objects and anomalous responses: (al) Original geological map with known mineralization; (a2) Structural object
extraction and network construction; (a3) Fault-distance and structural-proximity fields; (a4) Background separation and multi-element anomalies; (a5)
Geological objects, attributes, and relationships; (a6) Three-dimensional geological attribute volumes.

(b) Spatial representation of metallogenic information and construction of predictive variables: (b1) Metallogenic-system information matrix; (b2)
Two-dimensional thematic and evidence layers; (b3) Three-dimensional attribute and relationship volumes; (b4) Spatial responses of explicit variables;
(b5) Variable association structure; (b6) Predictors and data provenance.

(c) Knowledge—data collaborative identification, spatial validation, and feedback updating: (c1) Ore deposit model and knowledge graph constraints;
(c2) Multi-representation evidence fusion; (c3) Interpretability and evidence contribution; (c4) Spatial-block and leave-area-out validation; (c5)
Probability map; (c6) Uncertainty map; (c7) Target ranking and drilling validation.
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Fig. 2 Framework for the formation of metallogenic information and its transformation into predictive variables

(a) Data assembly and spatial representation: (al) Geochemical data; (a2) Fault network; (a3) Fault-distance field; (a4) Known mineralization and
geological background; (a5) Spatial units; (a6) Integrated feature table. (b) Label construction, model training, and spatial validation: (b1) Distance
buffers and sample labeling; (b2) Random split; (b3) Spatial group cross validation; (b4) Candidate model performance matrix; (b5) PR curves and
calibration assessment; (b6) ROC curves and model selection; (b7) Feature contributions. (¢) Model interpretation, evidence testing, and robustness
analysis: (c1) SHAP feature attribution; (c2) Counterfactual evidence replacement; (c3) Mean response changes; (c4) Threshold sensitivity; (c5) Donor
robustness; (c6) Evidence types and confidence intervals. (d) Target delineation, prioritization, and engineering validation: (d1) Predicted probability
map; (d2) High-potential units; (d3) Stability-screened units; (d4) Spatial aggregation and candidate targets; (d5) Target prioritization; (d6) Drilling
profile and mineralization validation.
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Fig. 4 Three-dimensional spatial representation of geochemical attribute volumes (a) three-dimensional geochemical
distribution of TFe; (b) three-dimensional geochemical distribution of Nb.Os; (c) three-dimensional geochemical
distribution of TR20:s
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Fig. 5 Spatial relationship among three-dimensional orebodies, high-probability mineralization zones and prospecting
targets
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Table 2 Technical hierarchy for metallogenic information extraction, intelligent identification, and validation
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FAPIZ /4% (three-dimensional convolutional neural network) .
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