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H ] H R 2 (AU ) shERBR 22 5 PRI 2A B, JbaT, 100083

AFRE: A0 50 WbIRA A 0 B BA S 4E AR, AZGER a1 HIRA 2 i WHE £ 2R — o/ =
TCIE AN MERR A & RO GE I s A R, BLas S T AR R A T T R AR R 4 B 1A T I e
PTG b B, A SCHEA LG5 2 o LA A R B BERL b, BEE IR 5 Ak B N AMF LR 5 ] 7 ik g
M TE A0 Y AR 5 i 2] A4 - O AR 2 o IR B (A ) DT IR EHL, @ B AR AR K 1 5
U, @ FUNB TR R, @ WRAE A A R A PR 4 , CA RIBFTE S0 o | L 25 > O vk i v 22 17
R TALGEIARLAE BRI . HLAS 27 > AS B2 T3 A R AR B His 1) 8 20 2 A% b 22 B] F) R O I 2R 5 2 o048 1 )i,
TETW‘IL%%EE‘JMFH%'%%E&}?EMXER( Open Access) T8 e A A3 B0 28 | TR) B 4 T S it F i 9% ( Open

Research) 1 & 29
K HLARF T 50 B FR B R

HoBR B 27 2 B0 s 9K 25 AU ( data-driven ) FY 27},
BEA (5 R BORRYFE L A K, B T RERFSE Y
K, LR 7 B T i K =2 1) A B 2R LA
PR R I IRRCR RTINS
AYELSE, (Petrelli and Perugini, 2016; J& 7k 3 %5,
2017, 2018a, 2021) , HLas= > 0 KA RHACHETT
ol (s BACAL PR B 2 T Bz —, H Lo i i )
REEA WLEEEAIE 14272 2] RN 2575 3 de 0 1 R 2 2
TRARAY | T I AL X6 oK RS A e A e SR B9
WA AR, 2016; JHKEEAE, 2018b) . BAUA £
WY RS AR ST SR R S R P E
LR T RER IR (A U FRALER |
WY AE) (IRAESE, 2020) , ) 2 M H A
AR AL | R R 3 T S R v ) A5 T T A A
5o BGER AT Bk 7 L BT S — A 2
FBoe &L, a0 3 T4 A A il i)
A6 B4 5 2 Y 3 551 E] f#% ( Bonin et al. , 2020 ; X% 18
45,2015) XA EAE B A T TR T8 3R R b 1 BR
3510 53] K f# ( Pearce and Cann, 1973; XB3% 4%,
2015; Xia Lingi and Li Xiangmin, 2019) 22 & J5 %
FUB IR (EATRAE, 1987) (A0 P 240 )

T ARSI E 3 A A R ML SR A H (45 - D1912) IR

fi# (Schron et al. , 1988; Rusk, 2012) 45, X LbHLHj
WFFEEE RAFAERAG FEAEA B /D g X TR AROR ]
VEE ) U2 50 45 SR, T HLH BE DL 48 & i 1 e
AR o o, 7R ACE A B k= R SR %L
PRGE T2 Ll ok b B 22 T = A8 1Y e 4R R
$% (Snow, 2006; Verma, 2020), 780 HiBRAL 2450
P e A BB A A Y 3 R AR gy
(810, Ti0, - P04 B 8 7 0 4t 105 b
P72 R TR R KA A TR 5
T BB T-B, 0 LA 27 21 19 J7 B X RAEAR
(A 1 RS A T RIER TC B W] LU RO e
Hi skl 27 W 58 9 TR BE AN RE (A K B 4% 2018a,
b) o ARSI HLA 7 2 WA 1 B A S L Z0A
Wlas2E e A A P i R A 2= 0 58 5 T i 1 H B0
AR TS EEA XS AR DG AR ) L D VR I, LA
KAHE G E

L Aldsss > Bk I B a4y
BLE S ARG Bt et me

ZEE A AR I TR B 7 > i 7 (R
HATAE, 2017) o FERBHEIAEL T HLAR 7 T m] LI
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B R B A R A B, SEIX B 1) 432
FFIN AL g7 > 53 A B2 2] FAE W B 22 2T R
2 W B2 o) SRl 0 E R 28 1 2 ) (DN 2) MEAS
Blla 9125545 B de 0 7 80 | PR I A5 B XS oK
HEHEIAT /328 F0 A M o 2] A4
K &R FhER D3 S AL s | Bl L AR AR
S5, ARME A I DL T M 2 P 28 53k AR i ]
LR TCAR B A B $o B HBE 7E 4540, 92 34
it 3 TN P
1.1 K 4BEE % (KNN)

K 437 5 7% (K-Nearest Neighbour, KNN) f %
A T PR AR R IE 25 (] P B B A — S AR AS B i
VT HAREAS I J& SRy i 380, 40 531 ek B0 R TR B (2
X 1)

D(X,Y) = /2( )’ (1)

L HIRAL BE A 2 5 1] A 45 UL TR] AL ()
AKEA, 2018b)

1.2 #hRIAHERE (NB)

FNZE DU 37 ( Naive Bayes, NB) J&3&F Dl i
$r 5 PR H ARSI 25 R 22 T AR B ST Y — T 4325
o HEA U i ok B U 0R 15 4 AR R
O3 T A AR FEAS T T 4%
AT FITE T A DL AR A, 48 1 92 AR R AR
ﬁé@ygzﬁc(l)ignateﬂi et al., 2021) A E R
B BERRE  EOREE JE M 2 (R AR ST S B
Ja M 22 A7 AR A S R A R S BRAIL
1.3 ZEFEENEE(SVM)

719 5 L ( Support Vector Machine, SVM ) &
Cortes ( 1995) #& i B I FH AL 2% 2 B FEh 44 XU
Sre /M T R 4R e L e SO - T 0 Bk .
ST o3 N AEZS B R A R HIFEA SR, SVM Bk
Ko 2R IR RELAE B8R pRE £ () B B DG A1 TRD RS (3 i
55, 2018) o X TERAEINI TR et 43 288 e
bR sR R FL )80, RS B H e 1 it 2 0
Ep I

minf(x) x € E"

s.t.e(i) =0 xe {1,2,3,---,m}! 2)
K. f(x) Fom HARBREL,s. t. IR subject to, 3Z KR
THER, o RRARFKIE,

X FARLAE L, 5] A Gl B A% PR k(x, ,x)
AT LR A A7 i B 480 SRy A v 4 23 1) S LR
B ORIR BRI -, 73 28 AR A

g(x) = ;goiyik(xi’x) +b (3)

A g(x) BITERE @ ZHAKHIHE T, (1,
y,) SECFIREAR x BARFEG K (x,, x) R REL

SVM B33 A Z AL RE 7 58 B R L (ELAFHE R
BB URR 23 32 B\ A% oK BN 2 505 I Wil 114 a5
s (A&, 2016)
1.4 REWEE(DT)

LM ( Decision Tree, DT) B 45250 T
B A0 AR Y AR A ORI TR
TR LA 1 A A, U T T 45 )20 i I Bl I
PE, B B2 328, BB B R iy« M7 1 R
X TR SR AR R SRS T RS R R
PN Bt o P4, DA #f AR B2 2 R
0 oy, LT, SRS TR B )
G .
1.5 BEHZRHEE(RF)

FEHLAR Pk ( Random Forest, RF) &M £ 4~k %
R H B4 B39 43 22 4% ( Breiman, 2001 ) |, i 1 4 37 |
BENLEY 24> DS (OF47) T8 B9 07 200 B e A
) () o IR TR R A ROAL B e 4 B 1 5 R
FESEMERAE I B, AE 5l UG, A5
SCPE I 4748 5 ( Belgiu and Dragut, 2016; Ueki et
al. , 2018) .,
1.6 AIT#HEMBEEL(ANN)

N T2 [ 2% ( Artificial Neural Network , ANN)
FH i A2 | B2 i 2 0 2 Pl 2 O 2, Pl
TCZ AR BRI 4, i A2 TR AR
B, BRI T T ARAE BRI, it 25 i G2 rrg Ak 3
S50, ANN B2 2T RE 7o, W M P R 40 1) 8 e 1
(robustness ) FIZ VRS | (H 15 K %) 26 38 1 19 A A1
M TCH R % S HO R R, B A R A B AN
TR RS HORIR B 73 R IRUR
2 Hlasvis BRI Ve A

o35 T A b

I AL 2% 20 X 22 4E B0 R A7 G i el L ok
VA VA R A T, 33X 2 S AT AL S TR
BRAb2E T N S, A BT SRR I, L
e E S AL BT B M BR A  [R), HLAER
TR B2 A% GE U A R 2 R R T, M TS 58
() — o0/ = TCHI R AL~ 05 Tl LA b B
FAEA R (KRB ), JEHIE 7] IR i A R 3
HEATGETH BT X RAR G Ty s I ek e . &
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Fig. 1 The machine learning flow chart for the studies

on rock and mineral composition data

JEAL A AT B R P g > R
2.1 EFERUERIHNEREWER

Petrelli %5 (2017) . Pignatelli £ Piochi (2021) .
Bolton 55 (2020) W FHAIL &7 21 43 31 %o 28 KA v i |
T 415 LA S AT 36 A1 565 D 22 KL A (OIR) B B Ay AT

T IR, Bolton 25 (2020) HY AT FE 45 R KW,
ANN HI RF S35 (8 0 A R 2 B e 4, G E 3K 96%
Ouzounis 1 Papakostas (2021) | F ZFh L #5530 X}
T ZRER AR UK L BEAT R I 2 28 R 3R I A PR
ol B2 i A A MRS SO S i, TR R85k 93, 07%
Valetich 55 (2021) 2 FHL w7~ Irik M P G —/NAE
Jii— I V44 ( Izu—Bonin—Mariana ) Jff #h7H7 (9 B iy
LT LI R oy AT T VAZEWESE, TE LAl T
TV T3 2 L BUER Y 2 B 4 i AL 2L Guo
Peng % (2021) % H] SVM F1 DDN ( I 5 it 25 [ 4% )
SR b L ZR A H DR AR AR 2 U IR S AR A T
TG,

Hasterok 4% (2019) H& T 4 BRA% i 5 il 50 B9
JZH] RF ANN SVM KNN F[E[A R 5 FhE sk AR 4
AR i 1Y R IC R 2 A ) U AR R TR
PSS 1) RustBoosts F95 1T LAAT RCH 3145 A
Rl B U R B2 G T A% 8 8 80 S 00 R
Matsuno 5 (2022 ) SR H & T AR 5k KR K
T B8 $ Tt A 75 (light gradient boosting machine,
LightGBM ) #4y # 4) 51) A% 7 2 Jit e B 43 18 1l 43
B TR 2 Bt B A i A
2.2 KAWL FIRE RALE 2B 5 555 2R

LA BV AT R F BT IR PR S R
IR 2F W 58 3 K B9 PR 8 Z — (Schron et al. |
1988; Rusk, 2012; Breiter et al. , 2020) , &4 [-fifi
FHEH ) i — oM = i, AN Re RN 24k
ORI (EREAE, 2022) , AEREPRE Y B KE
(AR 2R A I HIAL A 27 1 Sk A R s A ARk 1 T
e (JAK %4, 2017) ., Hong Shuang % (2021) Fil i
RF SVM il XGBoost ( 1 %ifs # & 4 Ft ) 53 ¥k B 5¢
EPMA (HL 7R BE 2 3 A 4X) A1 LA-ICP-MS (0t
e ol L R 5 25 B R B ) T ) R R A S
IrRIX I 10CG Hl TOA 7 FR , IA A kA T UAT 4%
XA IX P2 IR, Hort LA-ICP-MS £ 46 1 73 ks
&4 91% , EPMA Hfs 45 (49 70 K5 B2 2 76% . Sun
Guotao 45 (2022) £+ SVM DT Il KNN %7 7
TR EYER H Y B R o AT 4 SRR 4
FHILAR 7 > J7 35 T LU A 524 R A 8 A 26
A H R DT KNN T SVM S5k 4 3RS 12 43 55135 2]
98.2% .96. 4% 1 93. 6%, Zhong Richen &5 (2021)
BLFHBLAS 5 T IT RS T AR B B i) s Bk il
AR A, FHEEAE (2022) MR 4 Bk L S M BT R
1220 e i TR B, I HLAS 2% 2] 1 2
ARBERET Ti/Ge—P FIHEI#, X5 7™ B AR 2
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R R A e AT 7328, A48 5% (2021) 18 1595 28
DA T OB BB K A IR A Eu/Y—Ce H 51 & f#
Ttano 45 (2020) R ML 2] 5 Z 50 (513 50 Hr (4 7
PR T AN )R R R A A B A A | LA i e
e AT B W R R A, Schonig 55 (2021) 32 H] RF
BRI B AT IO AR R Sk U
HBES 25 FAEr R 5 AT R 4T
2.3 TRERT EHEN

BZEMAE (2022) 3 KNN fil RF 30758 7
AU B B A B T T ARIEAIE S X AE
A O T R EE A O B A 25 AL R
RF 55373 A5 10 1 0 590 i R 3k 93% , £ T KNN
AR R X INGRREA LA 2T il A5 AL
WA R HEAT DA TN, 285 5 o < 20 LR S L 35 0 MR
RRAG G, ML A R SRR (1),

R 1SE DILFIZ LEEHT B BERFE
AR EFTNLER T (EETNE, 2022)
Table 1 Predicted uranium ore potential of the Jiufeng,
Hongshan, and Chashan batholith by random forest
classification method ( Huang Xinhuai et al. , 2022&)

. ANET R | &0 R S
(%) (%)
06 168 64 36 0
06170 86 14 0
JUEETR | 06171 89 11 0
06172 93 7 0
06173 84 16 0
0629 17 83 1
0631 11 89 1
LA | 0632 10 90 1
0633 10 90 1
0635 9 91 1
06184 4 96 1
ZKIAEIR | 06185 3 97 1
06186 1 99 1

2.4 BRBXRMEREHF

R 2R 2 1 B R 0 31 T e ) R A 1
IR 2 A Mk Ak i 5 0 — A U
(Snow, 2006;Li Chusi et al. , 2015 ; XBH @45 2015;
FERK 45 2019; Doucet et al. , 2022) , A3 AW
T FREE 0 R A 45 BN 52 5 BT V2 W, 40 ; Pearce
Fl Cann (1973) PyZ ML T A5 3 2914 K51 (5%
T 5 AFRE R EE 584 WK, KR : Scopus, 2022 4F:
9 H 21 H) ., {HEAES =50/ =70 5 K i A7 15 1
B EE R AE 25 R AT 2 A vk | (0 S R PR 46 )

( Snow, 2006; Li Chusi et al., 2015; & i 45,
2018) . HET U, A I B AL 2] T s oY
IR AR 3 PR S )

Petrelli Fll Perugini ( 2016 ) F] F PetDB il
GEOROC #tifi 2 1) 3095 A~ K g i 4 £ e oo
F 5 Sr—Nd—Pb [AI{ Z & (29 4E) , i H SVM 3.
B 55 T 1 /2 K b 1 A SR —— KB 9
( continental arc) . &3 (island arc) . ¥ 3R (intra-
oceanic arc) JNJ5 7L (back arc basin)  Kilil it %
A4 (continental flood ) . K ¢ & ( mid-ocean
ridge) | 1 ¥ 155 J&L ( oceanic plateau) | ¥ & (oceanic
island) . FINMEREZF- 1 93% , Hoh e I3 3455 kil
N IE B2 53R 99% , IV 7 i ke 38 P15 1Y) )
BHREAR (65%) . Ueki 45 (2018) [ FENL ] PetDB
F1 GEOROC $UHli 1) 2074 A~ Kl 424 17 Rl E:
At CE DL & Sr—Nd—Pb [Alfi7 Z5dfs , R H SVM
RF H1 % B 2 Jc 2 48 7] 5 ( sparse multinomial
regression, SMR ) 557 ) J| HOE Y /\ 26 K b ) i
WES, iS58 45 5 Petrelli F1 Perugini (2016) 2
L

FRINAE (2018 ) N Z R HL 4% 7 > 53k (NB,
KNN SVM RF) #5377 # 1 LA (MORB) (¥
B ZRA (OIB) FLg N K A (TAB) 4 A A2 il
3 FIHERY b RF S5 R F I ER 3R AT 3k 88 %,
FERKIEAE (2019) T35t 4% TR A0 Ak Bl 22 1 25 114
A FIB0E (GA-NNDM 3% ) H 50 2 5 F 1 3R 05
DA SR e ARG PR e 2R 2500 1) R (i e AR 22 5 A O A A
SR o S MERR R T R, 5 U (2021) SR
IR BEALARAR A 1 X i T SR B R 2 A By
ZRAE AT G5 R Fl-score {H (A BEFIH AR
W2k B8 P E N 84, 32% ., fEF G SE
(2018) %t F GEOROC %t ## 1%, #I | SVM , RF FI
KNN S50 W £ 58 1 H R Ab 24 B0 R A, LASR A
R H 7 1 ) WO o R b g 3 B 5 —— Bl i vt X e
B LRLF N KRVE R IR, 45558 W], RF 5k
FA AR B RGR B GF , RS B 2R 38 97 % , i SVM H1 1]
ROR B2 (3R 2) 5 I N S il o $id)s o e
THIWrE R G KA T 5

Ren Qiubing 45 (2019) fill &5 it 22 P 2% 1) £ 2 JEk
g5 BOARPEATA 2 M 20 v BRI A o3
FI =R L B, B BB 4T 85% L) I,
Han Shuai 45 (2019) B ] 20 FiL i 2 500X A
YR AT T AT A SR LUK HoBR R TR
Y R R 3 BR R B ER R KT 84%
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Liu Baoshun £ Shi Junxia (2022) #3 & 11331 %%
ZiA e a s TR M Sr—Nd—Pb [A i %
(29 4 ) %l , i FRL - BE D0 A6 S 45 ) AL (particle
swarm optimized support vector machine , PSO-SVM) 54
PF A T8 PR, X DU 2R R M R 3 7 5 (VD3R
KRB % A By BRI R R v it ) 2 A B4 ) ) e
TR ZTE 80% L) I, Fl-score {H KT 90%

Doucet 55 (2022) # 4 H AR AU LA 9 29407 5%
LR A B, R EESN T R 2 T
( Multivariate Imputation by Chained Equation, MICE)
AR S R B s I, N B ) S EE RS
( Voting System ) FH45 & 18 7 A HEIF F0I 2 A 1)
RIBHGIE IR, MEWR 5 T 96%,

Saha 5 (2022) F A J o 19 SR = B1 R 0 AT
JiE DR M A 3 PR 358 R i), SR T B ML i o ) BE 2
XGBoost 1 LightGBM . 1ZHF5% 45 Hi 430 5] v 1 2R 5
BIE L) 90% , ik g B 2= bR T 8 ST R 80 vl LA
FUN I A BT R KA 1 PR

&2 BREKXMISIMEH A B =F
MBREEMHER (ETHEE, 2018)
Table 2 Comparison of three machine algorithms for
tectonic discrimination of gabbroic rocks ( Jiao Shoutao et
al. , 2018&)

SVM 432ty HErf R | B Ex F1-score B
KEEwHZiAEE | 0.40 | 0.50 0.45 252
LR 0.73 0.33 0.46 673

A 0.00 | 0.50 0.01 2

KK 0.23 | 0.34 0.28 108
SR BT 0.60 0.37 0.43 1035

KNN 7324l 45 HERf R | B xR F1-score EYEiIy
KEFHM LA | 0.92 | 0.93 0.92 312
RN A 0.98 0.94 0.96 318
A 0.83 0.91 0.87 235
KEE N 0.94 | 0.88 0.91 170
SR BT 0.92 0.92 0.92 1035

RF 73254 HERf R | B % F1-score K&
KRG LA | 0.95 | 0.98 0.96 302
b Sk S 0.99 | 0.97 0.98 312
A 0.95 0.94 0.95 262
KN 0.99 | 0.98 0.98 159
SR BT 0.97 0.97 0.97 1035

3 e HEH

3.1 HiE—N=RFEINER
PLER 7~ IR A R R AR . Ba B no e

A B e A v IR B R RN 2 AR BT A5 e ]
(R AH DG | o 2 TR i o 0 F 9 248 2R FLA e
S

(1) HETE KRIED IR 7 1 L f5 2
AIWEFE S — BB AR AT A K, BN . X
FHAL 3T FCFIT (FEAR KR 755 A, w055, 2018) 5
I A SR B 0 0 A R 26 L 1 F 5 (R AR Bl 1220
A, ERRAE, 2022) 5 W K A7 I I 5E (REAS %L
1925 /4>, B4 45, 2022) ; Ueki et al (2018) . Petrelli
1 Perugini (2016 ) JCLLEAHE 38 BT BIALES 25 > BF
FE B LR 2000 ~ 3000 2%, AN IFRZ
“REHE” BEIR

(2) A & B % (GEOROC, PetDB,
EarthChem ) [ A~ [6] 48 2% H id s B9 T & (F IR A2
)PSOt EE 22 W T s 4 (> 10) %L
P BB 5T TR] AT 5 (AN A S A R ) 3 4 58 )
B B T8 A8 AR AR R, I R) A — A e
IR TR T 1L (filtering) (U1 Ueki et al. , 2018;
Petrelli and Perugini, 2016) , HAN 2 ZA4bJE . 1]
AE (R ) 20 D A B | ) Aol ) 5 3 1) 3t 280 A
P2 (bias) BREE o 3 — Rl I7 A& 0 ARl Lt
HEATAl 5 (imputation ) ( Doucet et al. , 2022) , HA
FATS R GE Ak T/ 48 (85 12 , 47 (AR 00 1) vl S PR AT
TR

(3) A R A2 B e P SR B 1Y i o
BLAR 7 > 45 5 09 52 A i g Z 8, L GEOROC
AR I AT B3B8 P XA S R B8 A R B i
SCHERAR—ZCAY I 0], B AT JRUAG B | o 8 52
JESCR B 5 A OB B . 7 Hh BB AR St e |
SR (B HETAEE ) 0 e Sa B A i b 4y 3
I RPARAEEA AR O 5 A4 T 888
THUE, HH N HIEUE AT L 7 ) S 4 R
Wi ( Verma, 2020) AN TR) ) B 3 e D ) g B
SO [R5 25 Ak 3 [ — ) AT iy ] 8 A a5 o
HATEZ S DA 25 > B 45 JE DL B3 X b (X EE
Petrelli and Perugini, 2016; Ueki et al. , 2018; Liu
Baoshun and Shi Junxia, 2022) . S0 =X BHETE
VRS R AT 1 40 4 A 19 B 98 98 A £ (Lin Baoshun
and Shi Junxia, 2022),

(4) X T aAa EETRE S, 3%
A i 0 R A 100% IR, X
DR A X SE AL WY % B Z (AN 2 AH B S 1Y, 451
EHIAE SI0, SR IR T O MgO S5 1% it
/> ( Chayes, 1960; Verma, 2020) . 3% ik 2R HUG
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SKIGE (BAALY) HUAE SR 5 X 45 oA 2R 77 %) 45 AR 4
() 7 55 3 4% A8 i 22 1) A9 48 1l 57 M (Aitchison,
1986; Verma, 2020), H i 2 AR 1058 5L 41 2%
J& T X — 5, (Schonig et al. , 2021)

(5) FEARER AR 2 25 . HbBoRh2- B A
HIRA AR 25 S 1, A A 0T sk Ak 2% 1 o0 5 ai e vh
W R ORI DX R i, 46 R Z2 800k 1A M BT F 50 4 1
e YD AESE CIEHARES (R B A RLR IR IR
T, AR FE SE I B b b DX A BB e LA R P 7
TERE U 2 8 AN &2 (£ L. Hasterok et al. , 2019)
T3Hh, FEEHT IR AL 2R EE PR A B R 0 S
R, LT R A SCER IR AR D X 5T R B A I
DX T Jo AT 5% 2 i DR 3K — [m) S0 1Y) DG B[R] B,
“KEHEE” AR (b PUPEA S M SCAF) 3¢
FR 0N T LA A ) e e PR g 2 P B T/ N ) R
2 B AR SR A B
3.2 MEHFERENTE

XA IR ARG 5, ALAS 7 > TR
RIRAEG (R4 et Jrik (g ) Bt AR LAY, 2

A BT R o P g T 1 e W] AL T4 58
Ttk REBWREIGIRM T 2ROl 5,
LT 7 W B 2% 2T B SVM B30 3k o ff % 3 5 A T
NB DT, KNN %5, A5 3] 55 )32 B9 W ] ( Petrelli
and Perugini, 2016; Ueki et al. , 2018; Doucet et
al. , 2022; Liu Baoshun and Shi Junxia, 2022), JC
W7 2T 19 ANN S5k B B ) 35 1 32 [ N
W52 E B (Ren Qiubing et al. , 2019; {LF#k &4,
2019; FEFESF, 2022) . {HE A BT ERY], ANN 5
RS EORHE N R 52 5% TERL e S rp 5 A R E
BELA E B A5 B 1 45 RN FR e ( E3RSE, 2022),
ANOEFEF R T 2R L B2 G HEA T L, T
wHERE KRS 5 ANN 454 (Ren Qiubing
et al., 2019; LBk I% %%, 2019) ki 5 & fL 1k
(particle swarm optimized ) 5 SVM %54 ( Liu Baoshun
and Shi Junxia, 2022, Lk £ = A5 70 F5000 #7610
138

K Z R BRI T AL f 2 ] 8] DL A [
SRR AE AL PR — LA [R]85 ) M B AR FRATTIA

83.16 83.69 8378 82,97 - ?;; N ;%5 92'01%22 93.92; %w%
oA 2 Z / % Z
] / /
R N mIN |
M %
A ] e

P 2 ALRKIRAE (2019) BT HIBLAR 7 ) SR UMER BEXT L
Fig. 2 The accuracy of different machine-learning algorithms used by Ren Qiubing et al. (2019&)
T SUIAE  — e PR R R 1 5 v B 43 A 10 B, SR UREBCHE R 9 3y TSR, 1 0y FE T, 8 10 IR IS5 R iy IE B 2
HEAT SR EFR T DAE BE Rl T, LT 28 SUIE A B 43 R 5 03, BRI 4 3 TINS5, 1 T, oK 5 TR I ZRas 2R i TE Af e 3k

FERIERR R R AT

10-fold cross validation; a commonly used method to test the accuracy of algorithms. It divides the data into 10 copies, and takes 9 copies for training

and 1 copy for testing each time, and averages the accuracy of 10 training results to represent the estimation of algorithm accuracy. 5-fold cross

validation; it divides the data into 5 copies, and take 4 copies for training and 1 copy for testing each time, and averages the accuracy of 5 training

results to represent the estimation of algorithm accuracy
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LR WS T E A R R S e T
RORZ AT P o B, B 2 RoR 1Y R AT B 55
(2019) AS[) B ) HERR FE AL S0 45 31, AT LLA ) GA-
NNDM ,SVM | RF S35 7% (9 HEAf 28 i 90% , W AR
TAMUERA R 83%(1) KNN NB Bk, (HE, & HiEw
RS ARME ZRIEANE . BARW S HUE M
T SVM | RF &5 AHXT &7 5 1 3303 | it 98 ok i st A%
B —— P22 25 B3 (GA-NNDM ) X &5 S v %
R AN S, 79— A6 )& Liu Baoshun Fl Shi
Junxia(2022) FIATSE (K 3) , ZWF5EERB], SVM (RF
5 KNN Bk R W & L T NB Fl AB
( AdaBoost) 3 {H 2R FHAS R A0 A6 SR ek (4% 19 5
PialOh TR ) 76 R 28016 00 T A W i ek
PERRER S B L, AT B B R 3B R i
1o B R T SR R TR i . i TR 2k
ARSI AT T2 G A
3.3 MRFEREZHM?

VER KRBT EE k2 —mHLEs %>, n]
DI S8 7R s RO FEA S 0 o B i
TEFEHE (Saha et al. , 2022) . K, H2¥#FH K
“REE B TR 2E BT 1% < MO PR S R 1
TESREEAS R XA G OE RGBSR (RIS, 2018)
AT A FAHLAS 2 > T 28 Hop R BRI 5 7 k15

SN EEAR NE R B 5 — 20 RS A
KM R RO R A LA, DO AR L4 Ry 2
HIOP: AT a7/ = N = A Y p e O S EZ T B3
(B2 BYF R LI, 76 B0t AR 200 LAl 1 SR
[P (B4 ) Z [ A DG | e 25 3138 T LR OC
RN, FOR 2R 24, B U & e
i B3 LI B3 P S B R A B AR L, Bl
G IR SE (2018) T A b B AE, LLRIE R
KR, Y KRB 2B SRR, ML
i 2] BB KA AR T ke /s AR A s AR 1
BAARKR , XA SR F IR E S, 2
ARERASZHRAT 72X G N TE Y B OC & W 5E 45
SRR SO Y R IR i an . A 56 2 a1 i 26
BEH B ML A% 27 S WE 5, B A7 3 (Ueki et al. ,
2018; Doucet et al. , 2022) 7E A T A9 FE AL -
i — D0 T AN R PR BT 2 Bk A 2P R IR S
LR 5 TR 5 Y P AIE Y R A TR
SRR B AN [RI A 1 L, Bk = X AR T 4 R ) R i
FE(fasr5%, 2018; M55 2018; Ren Qiubing et
al., 2019; fE#kEE%E, 2019; Liu Baoshun and Shi
Junxia, 2022),
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Fig. 3The accuracy of six machine-learning algorithms used by Liu Baoshun and Shi Junxia (2022)
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Grid optimization; search all parameters exhaustively to obtain the parameters with the best results; Particle swarm optimization ;

find the global optimal solution through random search algorithm
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2228 B AR G0 SCAR D A TR ACES , 45 N DL B 5%
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THESIHLAR > WE G0 0] B8 | o] RS AR P AR
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P
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A review on the machine learning approach to rock
and mineral geochemistry research

XIE Yuzhi, WANG Yang
School of Earth Science and Resources, China University of Geosciences ( Beijing) , Beijing, 100083

Abstract .

The conventional study on the geochemical composition of rocks and minerals mainly adopts the binary/ternary

The geochemical composition data of rocks and minerals have high dimensional characteristics.

graphical discrimination method, which has low accuracy and lacks solid basis of mathematical statistics. The
machine learning method is very suitable for the statistical processing of large scale high dimensional data as the
rock and mineral compositions. On the basis of introducing the basic principles of common machine learning
algorithms, this paper summarizes the case studies of the machine learning approach to the rock and mineral
geochemistry in the past five years, including: (1) discrimination of the source rock of the minerals from their
compositions, (2) distinguishing the type of deposit from the mineral compositions, (3) identifying the provenance
of Cenozoic volcanic rocks, (4) distinguishing the proto-lithology discrimination for metamorphic rocks, and (5)
tectonic discrimination of magmatic rocks, etc. Compared with conventional low-dimensional discrimination
method, the machine learning approach provides higher accuracy and the ability to process the high-dimensional
data. The nature of machine learning approach is to perform the multivariate statistical analysis, such as the
correlation and classification among the high-dimensional variables of large sample data. For popularizing the
machine-learning approach in petrological community, more open accessed databases of mineral and rock
compositions are needed, and the Open Research policy should be fully implemented in academic publications.

Keywords: machine learning; rock and mineral compositions; discriminant diagram; big data
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