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Abstract: We have entered the era of big data and artificial intelligence. Big data or big data analytics is a new thinking for solving
geoscientific problems, emphasizing the multidimensional associations among variables and allowing data to speak for themselves,
thereby leading to new insights and more informative answers. Artificial intelligence is a new data mining approach with a strong
non-linear modeling ability, which can deeply mine data and discover hidden patterns. The big data and artificial intelligence-driven
mineral prospectivity mapping has become the high ground of global mining technology competition, reshaping the paradigm of
mineral exploration. This study proposes the basic concepts and main components of big data and artificial intelligence-driven
mineral prospectivity mapping, analyzes the scientific connotations, the state-of-the-art, and key scientific and technological issues
in intelligent cognition, intelligent learning, and intelligent decision-making. These three key parts are essential components of
intelligent mineral prospectivity mapping, and link between the Earth system and mineral system, mineral system and exploration
system, and exploration system and evaluation system, respectively. In the future, big data and artificial intelligence-driven mineral

prospectivity mapping should focus on the construction of prospecting big data, new geological constrained algorithms for mineral
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prospectivity mapping, high-performance computing in image processing, and the cultivation of innovative interdisciplinary talent.

Key words: big data; artificial intelligence; mineral prospectivity mapping; intelligent cognition; intelligent learning; intelligent

decision-making.
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Fig.1 A workflow of mineral prospectivity mapping
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Fig.3 DBigdata and artificial intelligence-driven mineral prospectivity mapping
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[E1] 73 A 5 AE 14 5 B 20 1, A JS 2R N TR RE AR AL 4 &)
B A5 B P A il A TR SE A R A AR A R
ik 5 WRAR )&, BF 58 4 T 2 RS 5 07 kL
W, Zuo(2016) HESL 1 45 BB IR (9 43 A 2% B 5
WK B4R 2 3R R A B A O] o
PEU S0 U P A T ELCA TSR A
AR TR S 4L 1 2 WLAR S . Bk (2012) 4 1 1 i
JH b BR AL 2 5 8 OC R A A L 7 R RE M Bk ) B 2
B S T IR T R R R A I U B R A IE
I 2 FEAT AR . 13z )1 55 (2014) F) T B 723 A
JE T R RO R H A FAH S O R A 0 LA AT AR
PRI AL B 26 AR AR I DX Sl BR AR 22 255 HE A
Wang et al.(2019, 2020a, 2020b ) ] FH 12 J&& i1 ) 2 b
BRACHHE 458 Z R Pl 2 ) B RN S SRR
TR AL B, ML 1 5 A 46 J R 28 D0 AR G 1
R AL 5 A IS B2 L BEAh 3 T 28 SR £ 5 25 [
Hodls v w24 13 s U R (Saadi ez al., 2008 ; Elmah-
dy et al., 2022; Han et al., 2022; Guo et al., 2023,
2025) , DA B P14 B 28 I 24 o 458 4 W7 284 5 2 1 £ 4
Wi 51z (Zuo er al.,2025) , B 2K 1 5 1A B
S B RAE AL R g U SRR T B
Bty S R B IC IR B 45 3R T PR b 0 2
FE WM 5 ¥ (Yang et al.,2022;Mou et al.,2023).
2 GE B A R B ST IR R AR R
me, P A5 o BE IR A H A 2tk 4 s A

XoF A £ B A TR B BE 7 M B A R T AR S B A
5 W N 40K Bl 3K 2 A TR A ) 5 | A i I 24 SR
Al 2 > HESE | — 20 5 vk J2 A0 B U311 5 By BB A 2t o
24 o g K ok B, A RS S A A b T 2 5 T Y T
W55 5%, 42 Jmy 2 1H 29 sRABL AT Oy 5 40, Xiong er
al. (2022) % T 16 5 7 12 AR i ™ 3 72 1 42 il 1
FH R g AR 4 M 4 30 24 O pR BT 51 AR 43 B G B 2%
2 T, A 5 A b BR b 2 S 5 4K B AR A TE] b
W3 —3 Luo ez al.(2022) % K 3 Fi 12 AR 551k
VB 22 8] 1 B 2 g PR BB 2R % A TE Ak 330, 51 A%
PU A G A 004, A BhRRAE o7 LA 50 0E T M 5 2 R
094 Rk Zhang ez al. (2022) 38 53 43 & 0 M AL E
TR 23 18] 43 A B R AR Sy e 8 24 AR A
Y PN S5 AT A XSS A Luo er al.(2025)
K £ F Ay B A S vk B 20 i PR 5 0 R LAY
2R PRSI B Hodtk A CAZ 1 50 E AR 2 LR T S
R G Hb A B XU ez al. (2025) %5 Hb 5 TR #x
IR W By S AR (48 O pR B, B T T Bk k2
S H YL R 04 P BE R AT A R L S — 2 e
AR 25 Y 2 T i A b S L o 3 T L R 24 R
B )2 8 20 A AR e s [ RS AR A JR S A
AT A MAEE . W Luo er al.(2023) HR P45 9 52
FHURMZS M C R E T M2 )R & 2, 9
HoAm A BNAE 4y B 4 b 024 rh 45 TR AL AR IR B £
JCR WA SR 7 A AEE VA AT i B PR Zhang and
Zuo (2024 ) 51 7 X 455 A 56 59 3 1L 301 76 b A 1A
HIWT 24 5 839 1 28 0] AH 5 56 R A b S8 50 A R 24
FOXT BT G B 00 246 55 70 ) TR AR A £ A Y B
AL 5 B S b BR Ak 4 BOHE A L, 38 A5 S Hb 2 A

ST BE 2 > WF 9T 1 9 2 22 U M I K08
TR A Hb BT 24 5 8500 B 3 P [ A L R A 7Y
AT fifE R P 39 iR Y ) 2 LR ) R T N SR TR LU
TR 5 R ) L AR R T (1) 2R 5
g b 5T 4R 0 RHE A R RS EME R T
G- REHMEET; ()BT ERET K
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Fig.6 A workflow of intelligent decision-making
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15 B AT R G UM 25 4 HE 28 BB R0 i St X/
X, SN R E BB R TR
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O HARA B 25 Wl e R 45 5 i e fg g ml {5 ol
fife T P L LA AN 0 s i 20 T BB ) %) 40 7 T e A
S B A AL TR B AT 9 IR B B R AR
B PR AR AR BRI R R S A R
b 5 AS B 5 1 4 BT BT R R T A A A5 T

TE R F i A T, WA E S i B A
R i R AR SR T 5 YR O 2o AR T R AR AR BB e
SRR, B AR B R AN T RR UK B
T 4 2ok B A8 B B R 3 T AR L ey
SERT, DA AL) a2 B R T A R 0 T 0
T BERLR (ZE =) 4, 2024 ) . 78 i A B AT e R
Ty i, JC i R RS A R Y N AN TR R K B iy
FERUN BT R G Ih AR R b S R R R b R
PEEEEMEN X — AR BEL R K R R0
ST B TR A G R R AL R AN TR B B A 4
B, AR 5 3 2 48 bR 00 R AE SE— 25 ISR RE A R AE AN
[Fi) 480 A 8 B 119 Hb 5T b BR Ak 2 | bk A R AE 1
T 65 R B 45 (McCuaig ez al., 2010) . it , 761
A AR O A8 1L AR B nT Ak R B
Fabr , AR 4 e 1L 0T AR 5 2 5 L 0 ) AL A AR 22
S, A A B A BR k2 T R Rl T 3R B
FUT s K5 A0 R KR R R R R % T KX 4R (Zuo

et al.,2025) FERE AL BT i, B AR 2 O 28 Al RK
S ENE R EPSE WSSy Y g IR AR S €1
MUK 3 1Y $0 0 15 5L 8 SRl G Bl AT AR
(2024) 42 i v g B MBS0 N T30 RER B 4544
W B B A BN TR AR AR Y A% pR AR (3K
2y JF R OCHE P B R I AB L T RE AR AL Y
B & 2 CRE 29 0 ), b g 7 b 53 24 o i 0 7 Tl A
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FEL BRI N TR BE R R Y ofE B P A T
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HE 23 1 B 7 Ry il R AT A B0 B R MM A E =
FOZ AL W R L AR X Uy, A B SR (i
SHAP, Shapley additive explanations) & % J # %
P . JHG e A i L o A AR o ) 235 2R [l 9 3] 4% A4~
NG S (T o e - S S N I E R AR = N - R (5
FH X 0 0 45 S Y 5 ik AR BE (Yang ez al., 2024b) .
B A 25 40 P AL 5 8 2 B0 45 2 B RE D SR T ¢
PE R G B DR B . AT ™ NN T AE A TR S B
Z RS AR OR b 5 TR B B N RS RE RN
fLae ) . Rt BERL Z5 A AL 5 2 BOR i ik 2
K H B A A R A R B 1) A 1 N 4 SR
MY AT EEVE 2247 (2025) Z53R 7 77 Fi N T2 B
AL vh B 25 4 2 (a0 s B 0 RO RS
DL R 0 24 J2 50) R I 47 2 8 (2 ) % b Ak R
AN E AR E) WA AR i T N A e AR
RYLE R0 Ak w] LR HTIH il S5 56 S8 B T 2o 5% A0 B R
B A A S5 AL R, 43 AT A () 25 4 R 2 00T
PERE M52 MR, DT A 22 G PR AR AL 25 A L & L o dn
Zhang et al.(2025) & & T M@l SE 5, 18 7 [/ 1Y
%) 246 J22 HORN 1 AL A A 5 1R FI0I0 235 3R Y 52 Wi, LA
TR F U B I AR R 25 A RO N R AR A
B AT R 2 B0 45 ) AR T 0 A 48 R B AL A 2R R D
T O A S T L TE g S B s Tl S,
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FE AR R ) B AR S B A, DL R T AR T RS
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