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Abstract: To address the limitations of traditional binary discrimination diagrams, which suffer
from low dimensionality and difficulty in revealing nonlinear metallogenic mechanisms when
processing zircon trace element data, this study introduces machine learning methods to enhance
the accuracy and objectivity of porphyry copper mineralization potential assessment. Based on
global zircon trace element data from porphyry deposits, we systematically compared the
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classification performance of five models—XGBoost, Random Forest, Support Vector Machine,
Logistic Regression, and Neural Network—and interpreted the model decision-making mechanisms
using the SHAP explainable framework. The results show that XGBoost achieves the highest
classification accuracy (86.85%), followed by Random Forest (83.84%) and Logistic Regression
(83.84%), while Support Vector Machine (78.90%) and Multilayer Perceptron (69.86%) exhibit
relatively lower performance. SHAP analysis identifies Eun/Eun®, 10000(Eun/Eun*)/Y, Ti, Y, A
FMQ, and Gd/Dy as key indicators for discriminating mineralization potential. The models
constructed in this study, such as XGBoost and Random Forest, can effectively identify porphyry
copper mineralization potential and screen critical exploration indicators, offering not only new
insights for intelligent mineral exploration but also important references for model selection and
optimization in practical applications.
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BEA BN PR 2 AR £ 55 48 BRI B ZRYR, $R 4t 7 AR 75% 1948 50%
HIEHAT 20%H) < (Sillitoe, 2010). XA PR I B B T-ACHR AR b Bt 4 32 L AH 5% ) o B 1k 5I
EHR A (Sillitoe, 1972; Sillitoe, 1993; Hedenquist et al., 1998; Hezarkhani, 2006; Hou et al.,
2007; Hou et al., 2011; Meng et al., 2021; Luo et al., 2024; 3 JBFHFI B 5 304, 2025). HEH A
Sy AR B KRE R 43 % 5 (Piquer et al., 2021; Stonadge et al., 2023), A=A
A HEREIE HE R & SrY Ml La/Yb L, FH6k= BEH Eu 715 % (Richards et al.,
2007).

Bl A DR LA ) SR AR 5 R R P KU AR I AR DRI R BE 7, SR RERR Eh A 2R LI
HIH#I(Lu et al., 2016; Loucks et al., 2020; Meng et al., 2022; Luo et al., 2024), HiEt® (W
Ce. Eu. Nb. Ta %) WHAMEIRRERERE . 70 AR LIRS 305 85 Bl A R
M S MS B (Belousova et al., 2002; Houston et al., 2013; Zhong et al., 2023). #f ABFFLE
P TE AR TR U (40 BEun/Eun*=0.4, Ce/Nd/Y >0.01, 10000x(Eun/Eun*)/Y >1 Fll
Dy/Yb<<0.3 %5) {E NIz I BE A BV B 38 ) A %dabr,  FERTh b 1408 A s
B(Lu et al., 2016; Pizarro et al., 2020; Carrasco-Godoy et al., 2024). U1, Lee et al. (2021)F
Pizarro et al. (2024) %5 A\ i@ i B A 85 A o0 1 BR 4k 22 48 FF (40 Euw/Eun* = 04,
10000%(Eun/EBun*)/Y >1, Ce/Nd/Y>0.01 55) 43 AIXF AFEFS LL IV e 55 Highland Valley
BEA XA FIAEHS Centinela District BEAHAT B 18 73 AT PEAS, S S B W3 S
WA BT T

A& G0 1) 24 ) 00 P e 36 5 5 T [ 1) TG 3R B B G, o i RS AT F R 2R MR, A
LA oAb B 4 . JEZRPE bR e . AR S, XEEF IR TRR: — &%
XIAE AR EES, FECH DA, ML SCIR4E 728 (Zouetal., 2022; Zhou et al.,
2022); R H AR RS = B A R AR, ok LT R B M S HERR It (Zou etal.,
2022; RESCALEE, 2025); =RALGEIA 2 BT TR/MNEARSEA b, 0T 2451 H 88 2 i S
BRAL 2 04 Ak DL 342 38 5 7 (Petrelli and Perugini, 2016; #5648, 2021; FIELE, 2022).,
L2, s 2 I i R R e 8 s e A 7k, BRI TE N s 4 . JEZ4e %
R, MWEZRRIGE o a 4G R I LE BOER E RUR S AR, AT A e B s 001
R R B v R R AIE T 3% 48 (Zou et al., 2022; Zhou et al., 2022; Zhong et al., 2023; Wen et
al., 2024; Yuanetal., 2025). I, FIANLE 2 T 5AMUA B T 58 iRkt 45 B ) _E iR B
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WAL BE ORI = 4 Pt BR A  E R B A 1 B B RO S ¥

PLES 2 I B R BE 2 5 A 7 B8R %E,  FE o NI B 2R TG e B 2% 21 (kI A 7k
TREE, 2016, ZWAE, 2019). MBI 5T O BRI R Ay, SICHml fgRe (0 40 28 00 (R
LA, 2007). T B I MR Tobn 2 8ds ,  $2400 3 o BR800 R ik AN 45 74 (Sahli, 2020; 4Rt
2245, 2020; Luo etal., 2024). HHJ, Extreme Gradient Boosting (XGBoost) (Chen and Guestrin,
2016). BEHLAR M (Breiman, 2001) &% [0l (Hosmer Jr et al., 2013). SZF¢lA = AL(Boser et al.,
1992). fHZ /L% (2EHAZE, 2020; Zhong et al., 2023)Z: 1AL 5 H IS B 2 31 i, E4)
22 N HAERDERRL 2458 . 9140, Zhong etal. (2021)3F AFIHIMZ M4 (2 ZIRME) X2
FIRE R HATFI 328, HR BB R AERE LK LA B . Zhou et al. (2022) B SCHF
Ira) AL AN B LR R, J T A BR K 0 B 0 T e 3R 0 A A8 1 R S AR B AR G 1Y
B ittt — i v e i, R KRBT AR BRI J17E S0Ma JE R T
o =l E o b A R B AR K A I OG . Zouetal. (2022) TUIFIH
i ATL AR MRFII YR P Ao 22 P 28 AR, R 1 T A BRI oo R B OB S R 1 V8s 1 340 1)
R, FEAEA R CINZE K Highland Valley) FUREHE 5 (P KRR ) PR &S SO0 IR
FRIGAIE T AR TAS 32 X 3 by 1 1 5 25 52, A T Bun/Bun® Ce/Nd 50 & LUE LK Dy,
HETi & 82 K BEHIHEFR . Luo et al. (2024) %5 N 181 #5441 B 7o 3 HARE R 2R S RE R &AL
BEMLARIR . FRE M AT, DL AT BE A U PRMIETS 5t CREEIN, SR, JEINEE) it
T8, VA CRRI, MLARS: 2] 70 Hh 22 AU 2 A 1R 5 16 B FH /T = .

PRI, H AT FAIAFAE— A 2 o AN RIEIETEBEA A0 T 7 28 7 TH i = KRG X L
RS -804 2 JR IR e e X3, B2 R TA IR . thah, RIS SRR 8 A 2
2R 5 R R R, H T BAR R (RPRIR S FBEANE BD, LA 5 A B
R A B0 0 £ v 1) 52 ZABE SR ks FE TN, 038 TV i B e R o e S A K
. WX B SR A B R R 2, PR e DLSCRRR AN L 8 .

B Bl AL, AW T RBREEAE B B S R R A S A R T R
RGEES T 0 REFORIE . B/KE LG 0 788 RN SR 2 R MU E TR bR . 72 IRl
b, XFTEE XGBoost. FENLARAR . SCHFFRIEANL ZH R, 22BN 8 TLEHLAS 5 IR (1) )
AERE, FFG9IN SHAP MEZNAREB A BT RS, HR7nIME a2 5 R 1 ) 18] AT Mg oG
Bk, FEMRBARBRE o ZITEAMUSETE T B A AL R R T RS R, s it 2
ALIE . W FUIE— VAN & EIRAE R A A R R E A S 22 R, R N R bR, B
TER B HE B = BE BRIz A B8 70 5 n SR Ve IR O 38 D PRI IS, Dl = R pR pER - T A,
HEBNHLAS 27 ) 7E Hh 22 U A v {5 LA



180° 150°W 120°W 90°W 60°W 30°W  0° 30°E  60°E  90°E  120°E 150°E 180°
5 @4 nth @ BrEscy QBEAEC-Au @ BIAECu-Mo @ FEEEICu-Mo-Au

P 1 AR SRR B A B I R B B IR AN AS B o A
Fig. 1 Locations of porphyry deposits and barren intrusions from which zircon trace element data were collected in

this study
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Fig 2. Statistical histogram of metallogenic and barren magmatic zircon in porphyry deposits
N A R ERA T, A1 La<ippm, Ti<50ppm L% [Dy/Nd + Dy/Sm] >10ppm
SR 16 A T S kA AN R S0/ e il L 3 AR 2V P 85 4 0 (Bell et al., 2016; Lu et al., 2016;
Meng et al., 2024). K, BIER T HRER KT 20% MR EFe bR, FEXR RS A R G R IER
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SABFH FIZEA Rl 8 S8 A BRI 5 R A AR Efe s I AT I R . BARAB
TR AR PR RE 4970 5%, AR A AR A I E SRR 5899 % (W 2). AR
WEFCIEEL T Hf. Th. U. Y. Ti. Ce. Pr. Nd. Sm. Eu. Gd. Tb. Dy. Ho. Er. Tm. Yb.
Lo 18 PR A H A i E T R A 0 48R, H48 FH Eun/Eun*. Cen/Cen*(Loader et al., 2017).
10000(Eun/Eun*)/Y~ (Th+U)/Y+ (Ce/Nd)/Y. Gd/Dy. Ce/Nd. Dy/Yb. Th/U. AFMQ(Loucks
et al., 2020)3t 10 TUEE A T o0 2= LUAE AT AE SR AR E AT FUIR 73 RAFAE . IX Le4B AR A 2K
FIREE . S KE VLRSS e B A =N ORI R R Ok, A A S B A A DG
{iE(Ballard et al., 2002; Dilles et al., 2015; Shen et al., 2015; Lu et al., 2016; Pizarro et al., 2020).

AIRFETEPS Cen/Cen* BFETH A WM ILER Ce H Ce* il Ce 1 LLAE K S it H 1 AH
AL IS JFUIR A5 (Ballard et al., 2002; Lu et al., 2016). i Eun/Eux*. 10000 (Eun/Eun*)/Y
(Ce/Nd)/Y F1 Dy/Yb SEATAFEAR, AT A ZR AT R ) 3 B 45 2R (Lu et al., 2016;
Pizarro et al., 2020),

Euy/Euy = Euy/(Smy * Gdy)®® (D

Cey/Cey = CeN/(NdI%I/SmN) 2)

AFMQ = 3.998(+0.124) X log [( )] + 2.284(40.101) (3)
U; X Ti

DA A, AHIE 580 B0k 32 [ 1) Bingham Canyon 35 Cu-Au-Mo B IR,
HIHH) Kisladag BEZE Y Cu-Au 7R HFHEARY Sungun BE4A Y Cu-Mo AR 3K E ¥ Yerington
P Cu i IX DY PR B e AR R B A T 2, DA R o [ B DX PRI AN BSOS PR B
TR A 5 — AU B SR R R R AR, H K RAE N — LB IEA ST I 255 1)
PLES SIS 5 b SRR 3 1) 4 3RS A s B R AR [R) bR gk AT 0k J , Rl
EREATEIE 635 2. AR A KB A TR EEE 95 . HVRAIRIE LB S1.

1.2 HLEEAT5E
BLAS 5 2] 2 EAFE IR B 5 2] L s B 2 2 WA 2 217k (BRI A £ KIS, 2016) . 7E I E
o) vh, T EAE H O 4 RS B AR Y AT I SRR AN KR SR, 2016; Z2GR5E, 2019;
MG B4, 2019). ol B 5 2 WImT R ARA 73 R 2 B o RS 14T I 2R (8 81 B2 45,
2019; 1TRELFEE, 20205 FhoxFE5E, 2026). AHIEFT Y 11 [0 EEAS IR ) 22 S bk, ade BT
SR s B A S B, R AR 25 BB T R e AT 2R
(1) XGBoost 47
XGBoost (Extreme Gradient Boosting) A2 IR KA 5E AT 2014 FIF KR, HT
Boosting & Al A LKAk B 3 THHE 2211 JE2 B 1) — PP L2 (Chen and Guestrin, 2016). %4578 7
Sett i — AR NI, THE R PIE S JHE 2 AR R EZTME (X7 4) ,
HAEB B HARE, FEX N — R AT 2%, il 3 S Mk @ s 2 I mEA (&] 3) .
FEEA I RE R, 38— AN 2% R E5OR TR N Ak 22 BR6H H b pR B AT A, DA SR sk /IS Tt ik
FE AR )R 22 DA S 97 IE AR M B 30 E Ak o 55 1 B A IR A 2R 45 281 160 Tl &85 SR AH 45 2]
XGBoost $5 T fz 2 Fiill 45 5 (Chen and Guestrin, 2016; Wen et al., 2024). % Z T MEA 0T
IL(y;, Fr—1(x;))
= _[ Feq(x;) )
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Fig. 3 Xgboost Model Principle(modified after Chen and Guestrin, 2016)

(2) BEHLARMAE R

BEHLAR#K (Random Forest) #&Hi Breiman 2 H [ —Fh 3 T Bagging i RIEE %, &
F 1 22 AROCR SE R AL, 2 8 23 S BIE A4 55 (Breiman, 2001; Z44%, 2019;
BERRFIE, 2024). BEHIARMIEAT 55 ] bootstrap FE A 7572 I EIHE 4R Hh i B 22 A RE AL
i, JEBENLIEEEREAS bootstrap FEAH)—LERFE ST SRR, T L6 P SR ST 0] B ok
P2 4r2K, N3RS 50 43 2545 F (Breiman, 2001; Lee et al., 2019; ZE#H1%%, 2020; Guo
et al., 2024). i BEHLAR AR £ 2 1) 1) 70 SR 25 RS Hh I A TR SRR BRI AR 1) (B 4)
(Breiman, 2001).
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Fig. 4 Principle of Random Forest Model(modified after Breiman, 2001; Guo et al., 2024)

The blue circle represents the classification type chosen by each decision tree. Ultimately, the final classification
result is determined based on the votes from all decision trees, with the type receiving the most votes being
selected.

(3) SCHRFIAEML

SR 1A B AL (Support Vector Machines) & — i HI 3= 73 A0 [B] AL 55 A ML B WL & 2 20 5
120 %07 10 32 BN YA o K B0 Wt B i AR 7 (] o, RIS 73 )R 31— A1 1R
S EIAFRZ s (B 5D, BUAR S 24T 702510 H i) (Boser et al., 1992; BRI, 2007;
AT, 2020; 1REEEAEE, 2020)0 ST A EHLAL B AT T 21X A2 18] s AU P i, AR
5B 3T RV HCH 3 e~ 1 R 1) R dpe R A, TN T — B S R A AR AR A 2R R, SRR ) LR
18 FH AR 2R M AZ R 5000 A 43 B B0 1K W SR S (Boser et al., 1992; XI/NA%E, 2019; ZFE IS,
2020; Yuan et al., 2025),

X2A

Barren

\J

K5 SR AR BE(JE Boser et al., 1992; Luo et al., 2024 1&20)

W OARE R A AR AR, RIE AR SR A REA, X1 X2 RFRA X 2R R it
JURFIE CUARCRTCER Tiv Y. ThU 45), HE&O@GZSCHF AR F iR K8 T (48 N RIN
HED, S5 RIAFEARKIREAR R AR IRGE 73 TN T R, AR A A b iR R IX 73 FE Y S 2R S
Q6 X+b=-1,260-¥+b=0;36-+b=1
Fig. 5 Principle of Support Vector Machine(modified after Boser et al., 1992; Luo et al., 2024)

Dark blue represents zircon samples from ore-forming rock bodies, while light blue represents zircon samples from
non-ore-forming rock bodies. X1 and X2 represent the key geological features distinguishing the two types (such
as trace elements Ti, Y, Th/U, etc.). Lines (D, @), and 3 are the optimal classification hyperplanes constructed
by the support vector machine (appearing as lines in two dimensions). The sample points closest to the
classification boundary are the critical individuals that determine the boundary, representing the most distinctive
typical examples of the two types of zircon.

D@-2+b=-12@ - ¥+b=0Q@s - x+b=1

(4) B4 ] A
BRI (Logistic regression) HALE—Fh~ XZMH S, FHHT 0K M-, %77
EEERFIA Sigmod LKA MM G RI[0,1]X AN (X7 5. 6), MRS HH5HH
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WERAE, Tk 3 43 2580 19 2R (Hosmer Jr et al., 2013; Yuan et al., 2025).

Z = wy+ wyxy + wyxy + w3xg + o+ wpxy, (5)

(6)

y@) = 1+e2
Ho o RENE, x SEAFFEfEbr (W Tiv Eu. Th/U 25),

(5) ZJZIRA AR

Z JZ %G04 (Multilayer Perceptron) J&—FhATIRME MR, G242 HGERZA
P TCH RN, KPS — AN EEZE DGR E (B 6). fAMHE oI 8 H
JELRMEBE R A, DAY n] DU TR T N SR R I AR R R . 22 SR R SR AL T ) B — )2
WAL TS T — ZRAETTAE, A E BSR4 N RIS S B e, e
aH E g H B & 4 9545 B (He et al., 2015; Zhong et al., 2023).

Kl 6 2 2 &S0 B Guo et al., 2024 &%)
Xiv Xov Xao Xo R R ESE (WIRERTCRIGHS Tiv Y. ThU 55, fAZ. BEZE. fWilEREE
MM =R, MNEREEEEAT R, ERBRE R, BE 2Tl A p A EE EAROE
BRI (4 Sigmod) XA HIHE A MU ST R SRAR AT IR E 2R S, RIS R B 2 X T
S, MEREE 1 FoR CRTA R AT, KL 0 TR AR S AR TR, T Y. Y2
ARG RS 5RO R 7 B AR A R
Fig. 6 Principle of Multilayer Perceptron(modified after Guo et al., 2024)

X1, X2, X3...Xn represent the input data (such as trace element indicators Ti, Y, Th/U, etc.). The input layer,
hidden layer, and output layer represent the three-layer structure of a neural network. The input layer inputs the
data and transmits it to the hidden layer; the hidden layer mainly performs deep information mining of the input
zircon trace element indicators through complex weight connections and activation functions (such as Sigmoid),

and transmits the obtained results to the output layer. For binary classification, the output layer outputs a value
close to 1 to indicate 'ore-forming zircon,' and close to 0 to indicate 'non-ore-forming zircon.' Y1, Y2, Y3, Yn

represent the output results of 'ore-forming zircon' or 'non-ore-forming zircon.'
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Fig. 7 Scatter plots of mineralized versus non-mineralized magmatic zircons (modified after Lu et al., 2016)
In plot (a), the field defined by Eu/Eu* (>0.3) and Dy/Yb (<0.3) corresponds to mineralized magmatic zircons;In
plot (b), the field defined by Eu/Eu* (>0.3) and (Ce/Nd)/Y (>0.01) corresponds to mineralized magmatic zircons.

PRI, AHEFURE LS 2 SRR, R GE VAl S Se it MR KB U 1% 9 DR AT PRAG
PVENE 5 25 R T Bk, RSB ) BRSO R B 4R 4% 7:3 MELBIBENLRI 2 il 2hdk 5
kg . Hk, f#H] XGBoost BEHLARM . SCFF AL B FH K& 2 R A I AR,
FEMFI I ZREE EEAT 27 20, JRAESE — AR EVP A 2 AR RE . B FE 2 W BB & SE
SRR 2 I8 A 0 FUER R RE 0, REMT Az AR s RS B2 i A AV 0 0 R

FERERSNZRIN B, AW F0E eI ZRAE St T4 38 UG, BAKIRRE A : Kl ZREEhE
LRI N TIA EAEZR T4, RIS T8 Rt F T ey, el —
NTEAE N IRAESE ] T PSRRI BE s O 1 D AL 20, 120 A 2 TS (18 8).
ZITIERE S RIS AE AR AN B b2 A I, A RS AT B B ) 20 PR AT P 51 RS
RR PRt 22, SR m BB BE AN 0 AT SEVE, A IR 9 S 30k B4R i 5 9 A% € IO A4 (Nathwani
etal.,2022). BJ&, T2 H0 A A0 70 K08 00, SR A BEALAE 2R S0 B 2 itk
it wiE SRR N S I E T T UARAE, AT SISO B A AT IR
2, R NZR5E AR N T B e e R e, TR I 3 AT S5, JRald o)
ProrRER, RGP S R BB s S ERE .
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Fig. 8 Principle of Five-Fold Cross-Validation(Pedregosa et al., 2011)
D1, D2, D3, D4, and DS represent the five subsets into which training set 1 is divided; P1, P2, P3, P4, and P5

represent the performance metrics after each cross-validation; PT represents the average performance metrics after

five cross-validations.

2.1 PEEEIPL

AWK ER % (Accuracy) Fffi% (Precision). #H[F[2% (Recall). F1-Score. 3ZiR
HRHERIZE (ROC-AUC). #5HfiZ-H B F 4 (PR-AUC) FE4aHR K IPAN - BEAAE X 43 B
B A AR BT 2R B A AT 55 R B VR RE o L rb v 3R SRR Bl A A AR BT
B AT TR 23 R LA, R B 2 48 A 0 23 SR B R e v SRR N ™ R B
(R 1) LA, 3 [ 28 37 BSOS R A A AR i o 000 g R (1 58 P o ) G4BT, FL-
Score JE G ANE I A IE, & AXER N (7-10),

ROC A2 DUEFHYEZ (FPR) Jliskbs, FHMEZR (TPR) NPALFR, Az (11-12).
PR 2R N2 DA I 2N REAL R, FEBRZE NP RR, 2B SRR A [m] 2R ff 28 2[R 1Y)
KA, BHADRINOREAEAR TR, PR HiZ AR WU FMERE. B4R ROC HiZEF1 PR
2R #RIR B, (H Ve S b R R B R R PR e, DR abb o] LA Y ph 288 4D T A ok D7 fl RS f
AE(Yang etal. 2024). i AUC {24 TR/, Bets B R BB v Re, IF
HHAEBEE T 1, U I Gk T (AL 248, 2022; X154 1E %5, 2023; Carrasco-Godoy et
al., 2024).
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2 X Precision X Recall

Flscore = Precision + Recall (10)
HEHMEF(TPR) = TP N (11)
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N AR A A A A T T O R R R A PR A R, TN DR AR SE B AR B & A B
T 2 A A AR B A A B A TOREASCE, PN SRR SERR A O A o A T Tl g Ak e
HEEANEALE (9.

E[E
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W

w

)

i e

1 |
(N

o A
700 ) 0] K 7

K9 JRE R FE
Fig. 9 Confusion Matrix

AW AT I 9mFETE S N Python VLA FE IR Scikit-learn,Pandas Numpy %5, FELELE
Visual Studio Code #1247 A AR

3 GRS

3.1 HLAR2E IR R

TEBLS YNGR B, AN A1 Ja ks TN GREE R A L4 28 SURAIF 7 23 AT - S 5 AL 59120
PEREVEAY, SRR 1 Fin. PEREXT L2 KRB, XGBoost BRI YIZRE IR, H AL X
IAFETR N 0.9444 + 0.0037, FETHZNY 0.9438 + 0.0037. FHZEME (L ERMZE) K2,
HER R SRR 20 51 0.9437 +£0.0057 A1 0.9432+0.0056. 111 5 K5 ] B A LA BEHLARARAR A ()
HERIZR 2051 0.9314 £0.0082 A1 0.9193 £0.0069, ZFEHL 2, B [EARERI| 2% B
W, HETRER SRR 59 0.8789 + 0.0102 1 0.8782 + 0.0099, ¥ & FHL T HAd AL A

FERAY IR IS BV R RIS EUE, RAZSHAGEREMNNSGSE EEPINZ, &
SRTE N GREE L2 SRR WS 1. B3k S2. TRIEHFESS R, XGBoost BLAYTE
YIGREE EHUS T iR I RE, o JSEmf R SRR 0k 2 100% LR 1. 7El
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A b, XGBoost [FIFERILH BAERIZAGEETT, 73 RUERR SR IEN 95.28% (3R 2),
e TR AL . AR RN RIS BRI R : ML (2254
RGRERLIN 95.00%; EFRENIII N 94.14%; BENLARA 5N 92.79% 5 92.80%; &
B[] R A LR RN 89.05%, AEHAIF N 89.33%.

MR AR RS R I, N TIPS &AL 12 A0 RE 77, 2l EAL ROC i Z5 AN
PR M5 RUWIE 10, K 2 Fon. SR KH, RIEUFH XGBoost A AUC F1 AP {H N
0.9897 1 0.9877. &M (£ ZBA2%) BAE AUC {[EHT AP {E°4 0.9865 F1 0.9821. #*
BH 25 (A BE AR AR LR S 3 ) AU AUC AT AP 5359004 0.982. 0.978 AT 0.981.
0.980. Z4# AT K] AUC {EHFN AP H 43 7] /& 0.9448. 0.9055, AHXEZE .

DL 25 R, B RLE AR T REAR ek  XGBoost 1581 VE R 2 BILAH X 5 L,
Z R BN AR IRAR T, SCRF A S-S BEA IR MR R R I &, T 3% 4 0] U RS 2R 1k REAH

X R AE
1.073 1.0
0.8 0.8
o Hii
iF 0.6 ﬁj?l 0.6
fs =y
o -l
& a
50.4 2.0.4
- 48
= — XGBoost(AUC=0.990) ] — XGBoost(AP=0.988)
02 — B L7 HR(AUC=0.982) L — [l LA H(AP=0.978)
T — R EH(AUC=0.981) ’ — S RE R HL(AP=0.980)
- — EiHEH(AUC=0.945) — JZHEFFAP=0.905)
0.0l — % B B(AUC=0.987) 0.0 — 2 A A(AP=0.982)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1:0
fi& 1E 49 # (FPR) H 7l % (Recall)

Bl 10 BAIPRAN 2R (a) ROC HIZEAT (b) PR 2k
AUC=HIZ N T AP="F K5 S5
Fig. 10 Model evaluation curves: (a) ROC curves and (b) PR curves

AUC = Area under the curve; AP = Average precision

3.2 BRI SL I

AR, XGBoost B (HERIR 95.28%). ZJZEAIA (MEFIR 95%). S FFA
EHL (HERIER 94.14%) . BENLARIR (HERER 92.79%) Sk RULE AL o #F R B HUAR B A 40 28
MR (R 2). (B2, CHMARY, HT ALY TE (ZREMEE . BRI,
XGBoost Z5 ) 2> H LA BURILG DL S “ R GRS SRR, R R JCiAR e S Bl 2
JEEAERE . BN, ESEE RN, XA R B R 1B 25 B T
P 5 0] FE % (Reunanen, 2003; Rudin, 2019; Zhong et al., 2023). AHfF 78 AR R P B B LTl Sr
IR FEAT PRAL  AE VP Al 77 2RT BE A7 72 18 76 B s U o bl T 24 5 AR VR
A — AR, HA%E e Lh B BENL R 4, =38 Al BeAE A AR AR B T S 5t B R, S
BERAEMNR AR ERYERE =l TEVE S R b g



& 1 BRI SUBAE PP RE SRR
Table 1 Average Performance Metrics of Five-Fold Cross-Validation for the Model

IR e R FEtfx e Fl-score AUC
XGBoost 0.9444 % 0.0037 0.9438 + 0.0037 0.9443 + 0.0037 0.9440 = 0.0037 0.9865 = 0.0019
Z 2N 0.9437 + 0.0057 0.9432 + 0.0056 0.9436 % 0.0059 0.9434 £ 0.0057 0.9833 + 0.0021
CHFIAEAL 0.9314 % 0.0082 0.9309 + 0.0085 0.9310 % 0.0080 0.9309 = 0.0082 0.9780 = 0.0036
BEHLARAR 0.9193 £ 0.0069 0.9185 +0.0071 0.9192 + 0.0068 0.9188 =+ 0.0069 0.9751 + 0.0034
ek A E| 0.8789 + 0.0102 0.8782 + 0.0099 0.8806 % 0.0098 0.8786 = 0.0102 0.9393 + 0.0082
R 2 BAERASE AR fabn(E
Table 2 Model Performance Metrics on the Test Set
B HiRGES EIES RERCIE:S Fl-score AUC AP

XGBoost 0.9528 0.9528 0.9528 0.9528 0.9901 0.9880

Z JZ I3 0.9500 0.9500 0.9500 0.9500 0.9865 0.9821

CFFRE L 0.9414 0.9414 0.9414 0.9414 0.9809 0.9798

BENLARAR 0.9279 0.9280 0.9279 0.9280 0.9819 0.9778

BRI 0.8905 0.8933 0.8905 0.8907 0.9448 0.9055

R 3 EBERMBIEE LR REsRAME

Table 3 Performance metrics of the model on the unseen dataset

Y HERf % FE T % FEEES F1-score
XGBoost 0.8685 0.9236 0.8685 0.8838
BEATLARAK 0.8384 0.9143 0.8384 0.8595
peg i qCINE 0.8384 0.9093 0.8384 0.8589

XHFIREAL 0.7890 0.9157 0.7890 0.8214

EZEIE SR 0.6986 0.9002 0.6986 0.7479
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NARGEVPAS TR LA 2 2] DRIz AR 1, AR TR B — AN F U 255 W R 1 AR
XTI AT IAE o 3T TN ZR5E B AR AR Bl 42 E AT 23 0 2%, BTfS 8 SR L e
TR LI 12 F13R 3. XGBoost R 7E ST BIEAE F AR RE B L BE, HERIR N 86.85%, FiHfi
N 92.36%, PRI H B UFINTZARE 115 70 2k P  BE M LAR bR 5 32 8 (0] DS AL 2 F v A 56 35 83.84%,
AN RS, BN (91.43%) BERTZHEIH (90.43%). XFEMENSHAEMNE (22
JRAIER [ R RR R FRIR RN, HEFIZE AN 78.90% 5 69.86%. LA E45REH], XGBoost.
WAL 5% PR S8 R 7 T R A R 25000 B AT A ORARr B s (0 0 e 77, LA Rt I e s M 5 S B B T 77
M SR ENLFIPRE N4 (2 2 IRANE) T RRIEREROR, 2GR IR IS, HR R BT E .

Rk, BERSRUL, XGBoost B PERER I AT HAR e, HRGURENIARMBIY, BE 2%
w|EE, CEMENL. 22 B R A,

3.3 2T SHAP KA Al R 43 B 5 SR AR AR IR )

N TR WA 2 2D A5 Y 1) LR SR AR S R ) 4 1) AV 0 0 G R Bk Ak S F AR, A SR
SHAP (SHapley Additive exPlanations) A2 R I fE IR FEAT 7 AT fRENE 734t . SHAP fE iR
% 78 B VPAS R ARFAERT TSNS TN &5 R DTk S ) CIEFuggmeD, Hi4s B (L%t
{ELJG HI3BMED WA R Sk SRR AE (1) B A 2 7

(a) w.':, (b) e
Ew/Eu* e T L e D Eu/Eu B
Lu o 10000%(Ew/Eu*)/Y e, S
Gd/Dy " . - Y i
10000%(Euw/Eu* )Y Tl FMQ  + or e e i
Yb el - Ti T — e
FMQ -_——* (Ce/Nd)/Y "'M
Vet — b ——
br - eesaei - HE e e
Hf ————*—- Eu _*_.
Ti e eeeeee———eetlf— Gd/Dy R o
] e Ce/Nd -
te el Ho -
Er = Dy -
(ThHUyY . U ———

ThiU P s o o Dy/Yb s o .
Th oo fit Th —— fiE
Tm <$agi=- fi ThU e {8

Dyv/Yb - + Ce/Ce* -—*
Ce/Ce* - -+ i —+
Sm -o— Tb &>
Gd - Vb —
H —a- Nd ""*
(Ce/NdyY - (Th+U)Y D . o
Ho oo Tm 4
Dy '*- Ce +
Ce/Nd —e- Gd +
Nd -" Er +
b ’-- Sm +
4 2 0 ) 4 ke 02 01 00 01 f
SHAPTH SHAP{H

Bl 11 3T SHAP {8 R AE S 2 5200 J5 7] 23 47 i 5 <]

(a) A XGBoost #; (b) ABEHARMBIAEL . (a) A1 (b) PHHRFAEFE bRz I E B KRBT . B AR
EAR AR E M I (LORERE, EOARKRED. BN iR AR, HKFALERIRZ
FEAS HPRFAE(E XS 2 () SHAP B CIEAEHEZN TR R« el ”,  SUEHES) TR ) “AERME™ 7).

Fig 11. Honeycomb Plot of Feature Importance and Influence Direction Analysis Based on SHAP Values

(a) XGBoost model; (b) Random Forest model. In both plots, features on the vertical axis are sorted in descending order
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of importance. The color represents the magnitude of the feature value (red for high, blue for low). Each point represents a
sample, and its horizontal position indicates the SHAP value for that sample’s feature value (positive SHAP values push

the prediction toward “mineralized,” whereas negative values push it toward “non-mineralized”).

TEFTA XS EERE AL, XGBoost #AARILH AR MELREPERE (R 2). B, RATUAF NHIEAT
RN BFEAR L . SHAP 0B (& 11a), Eun/Eun* 2351 18 0018 Bk B 1. ShEH:
J& F B FE AR L FE Lus Gd/Dy~ 10000* (Eun/Eun®) /Y. Yb. AFMQ. Y. Pr. Hf. Ti. U%. X
S IS FRATTR R R A SR BT AR () 28R . Bk B S 45 o e = KIB g E E )&, ML
P OR BN F FESGAIE T HL S FE A

RS R G EARFAE R T AE A R RE T B AR g, FRATTEEL 11 BRI T XGBoost 4 H.
TEAFNEH 4 LRI 5 I BENLARMA R AT X LA 0T, 10 22 2 BN 88 70 AR Jn B 45 Lz fh g
FKINGG, FHAERERME TR (58 3), B DAL RIE B BN EAME N AR IR S 2% . SHAP 04T
SEREIR (B 11b), REHABAERAE BB AR ER, ERE T —HmE—
B OFFEAE A, B45: Euw/Eun*s 10000x(Eun/Eun*)/Y+ Tiv Y. AFMQ 5 Gd/Dy. F:A
fabr Eun/Eun*. 10000x(Eun/Eun*)/Y M AFMQ #2& 55 7K 8 AR FE 2 1A S i de AR, H SHAP {
R SRHEE R IEAE O R (RPE A BB NS B 21, HoKP A BB AR A2 . X%
B, BEETEEOK S R T RO T, RS AL I W g S A AR R B IR M TUER, X
FE4 R BRI AR 584 — B IX A RFIEAE 2B b O R I, AR 7 3 U 52 50— B A i 2 )
HAEBE 7 e AR RN B 5 R RO B A ) P S Rk e B

4 T8
4.1 HET M B R AT

XGBoost FHBEATARM AL AE MR AL A AR FIEE S EACRI B R i 2, R
i HLRRE [ R Be S A RE ) 1IX 15 5 T E AN AR TR AL ST HLH (Chen et al., 2016; ZEHREE, 2019),
FHor XGBoost A5 L3 o 6 P B2 T MK AR VR £ 22 AR TSR, R — RN B B0 TS IE BT — B A
72 (F 30, XFPHLHIAE B Sl P A A R e R S R AR, RS R B T R A
A AR Lt SRR (AR, 2019). 1% T8 A fE e R 3, R (5 BB S8 A . —JT
K& E, ERBTHITRE (1 10000(Eun/Eun*)/Y .« (Ce/Nd)/Y. Ce/Ce*) SEHTEH OKE
B IR MR MG (Chenetal., 2016). X T XGBoost AR 1E, g M A R i 1551
HH T B2 R Vs 0 B LR B SR AE . IR, XGBoost PN LA IE AL I %4 il 1 4%
ST RPE, b TG, MMTETN K A A FMIEL 5. R R0 REAE R, hReORFF =
(X ISRERE, IR AE B B B I8 F7 0 A o R B L L o — R R W g (2 Ak e 5 vk s ] bk
(Chen et al., 2016; Wang et al., 2023). 1] HIX 548 R MRS FGH Ao S 70 Rl % (R 2. K 3)
5 R —E.

BEALARMOE T Bagging BEAIFEAGE Z AR, FFLL “HBEE” B SR (4. RE
FAT YRR 7 AL BT 4 H5 s HAT 55 CBRFAE R 1% 14T XGBoost, {HAKIRZRIN A 1 40 31 3
Fhe ) (GR2. £3). HE XGBoost FL[FER] T 8B IR S 4 . JRZR VbR 2 500
TR

YEF R EHUSERAENNRE R (94.14%), AN E FERER (78.9%) (K.
L P DR 2 A TR 3 s A o 0K B P S 2 v o s B DA 8 P T (IR 5D, DAL PR e S K
FAZ R BOEPE UL R S HOR . I BB % s B DL R SR, 5 5 Z BRI AR e R
P& (an3E[E Bingham Canyon H R TH-H Kisladag 7K ) 704 M SR EAATEZ T2 m, M
AR A R T mAs, BRI,
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T 3248 [ A TR R B B S A7 20 250, L Rk (83.84%) MM T SCRFIA AL AY
(78.9%) FHPZ ML (% ZEAE) BAMHERRZ (69.86%). FH IR R AE &1 4 Bl A 1E A 2tk
B, 3= B Sigmod pRECHE 28 1 2H A S 2 X TE][0,1]CGRF 50, FLR AR HE A 26 551K (89.05% )
Xaet R B A TR TR S BAER AT, HARR R ICRMFE RS, 1A
WEE. SKE. REEMREIER, X54&%N 4L R —80(Zou et al., 2022; Zhong
etal.,, 2023; Wen et al., 2024). T HARY /LA 4R FHERRZRIET (83.84%), I H SFENLARMBIA
FHIE, Fod (1 J5 R R AR A 25 g 1 2, AR OB IE I 26 1 5C & (1 Eun/Eun* s 10000(Eun/Eun®)/Y
SR 2 IEADO), T 7EHT s 5 b R M OCHRFE AR R AR AR AL, FF FL@ 4 [A] AR RFAIE 26 14 ¢
REA RIFMRRE M, R 7 8 JB8 0] e 5 R AE 1 LA, HO VI GREE 22 2 (1 28 VERFAIE
KRNI EFREE B FHERT B A8 b, ATIHR S 1 A AR 3 B 4 b o0 R R 22 (I IBE N 45, 2022,
Yang et al., 2024), DL BZ5 8RB, fEXUREA R UL HERHEC RR g5, i 2
A Cans@ 5 =)D AT B — 5 W R AR, (F2 TEiE BARAE LR A A AL X REAE 22 [] 9% B (R ER FE AR AT o

1 B A F s B E
PR ) B 26 R TR 1) ] 2 TR BORLH KR

A R A WA Ak Hew” T
R S ) 2% Y 5T ) 2

P 12 RS T R SR 1) 7 S 5 SRR R AR
(a) /& XGBoost B 7pREER; (b) ZSCHFFRAENBIH P RER; (o) ZRENUARMT B 40 K E R (D
LML (2 REAE) BAXEHTEIRE SRR (o) RZEEIARAN L > KL R
Fig. 12 Confusion Matrix of the Model's Classification Results on the New Dataset
(a) is the classification result of the XGBoost model; (b) is the classification result of the Support Vector Machine model;
(c) is the classification result of the Random Forest on the new dataset; (d) is the classification result of the Neural
Network (Multilayer Perceptron) model on the new dataset; (e) is the classification result of the Logistic Regression

model on the new dataset.

MM (ZJRERG BAENNKEFRIEL GEFHZE 95%), UKT XGBoost #7M, {H
FERRSLH Bda 58 L HER R PR ORI 2 69.86%, HAERERIZ LAMRM iR ZR . HaiRarae2h+
Mz (R MG I, M s BAa RN, Hild 2 EMa e
BUE IR B (B 6), (BB e Bl o il 2 X B RS 1T - e I e =45 2
BOL A 2] s TG BCHAE AR R B 46 B2 AL RE AN 2 . MM EALE ] T HA KE
FEARRIAGN 2 RAESS T, AR FREAERUN, M R HEA L. BARIGEE LD
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PS50 MBS A R R, (R AR AR Hh I B A S O TT RE A MR IR RRAE T 28 0 2 5
R B FPREAE, S EOZAE RGO B 8 A R0 /R IE -5 AR ™ 85 A MR R IE VR G, MR K
B BB A A TN AR B A, S BRI SR I R TR

4.2 RBAFIFRFR B AT R X

T XGBoost 5 FfiHLARAAEI () SHAP 5 4E 8 B 43 My, AHIF 72 IR 51 H — 20 78— i 30 )
B 5 AR B A0 % O AR RR, 845 : Eun/Eun*. 10000%(Eun/Eun*)/Y. Tiv Y. AFMQ K Gd/Dy
(B 113X — B R 5 S 480 T X S F R bR (0 T ] S0 o eI IR AR ARAE, T2 S
KRR KER. dmiRES IR, FLRZIE T AR T3a 8y B RS
W RGURFE -

Eun/Eun *5 10000x(Eun/Eun*)/Y #2878 4 3K & B R br . 854 Bu B E 2%
BEFREA MRS, T8 KK N ANA RS SSIHE R A 2 5, TR B A 1) Bu 5
o ik, BFEMM Eu % (K Euw/BunE) 8% 5 & KA KA S (Ballard et al., 2002; Dilles
et al,, 2015; Lu et al., 2016). 4B E M Eu H SBIKM Y S EME G, WiERERET T
FINA N ERR TRy B4 5, T INA R E AR B R A R B A B m WG /K & i (Loader et al.,
2017) %FEAR I HE B B EIIE T 5 KA J 2 TE RO RS U™ It A4 o2 At ) A% O R A (L et
al., 2016).

Ti 1 s A 45 A B B v S b ERAL 2238 FE TF (Watson and Harrison, 2005). BEA A R G5 K
WA AL — WA A R 5 0 GEE N 650-850 C), E545 3 BRI 2 FRE i,
HR 5 2R P S VLRI AN 45 SR B B A S K SR N BRI, DRI R T & S S A BS A 45 o T P R
%, mIREML T A HK h/KE =BG (Richards, 2003; Lu et al., 2016; Loucks et al., 2020; Nathwani et
al.,2024). b4h, YIEANER LLE (HREE) MR, HEEFEZE TR Y (WANa. 3%
KA W sdidh. BRI Y SEFEAEN T RENMNAS R, XM EKEKFFEER
TR A SR X RFIE — 2 (Ballard et al., 2002; Loader et al., 2017).

AFMQ 1ENBE AR B AR R, HAE N E BEERE EDIE T 05 B 2 el 1) S e 2 1F
e IR FE R A R B o 2 AR IR B =X AR A sAFAE T8 28, AN 7 1 R 4 o b
15 HA5 DL BE 2 44 LI B Be(Mungall, 2002; Sun et al., 2015). EAMF7CH, AFMQ FE EMEHEF
X RS, ATREVR T LA R PSR 55—, Euw/Bun* 1EN—NE SRR, CRIN &S 7 EIRE.
KEBEEREA T RIZEES AEMAIRE XM T, Eu Bl E@ERAFLE, 5 T ARH A fidk,
T B 55855 47 () Eu 4157 % (Ballard et al., 2002; Trail et al., 2012). [Fitt, AFMQ ({745 Bl g
B BEun/BEun* 3B ilins . 26—, SFUREER RN L EER &K, THEERKSE. BESHE
WIFEMERH . Buw/Bun*5 Ti SE484R T A8 B R AE AU H 7 5 45 o iR 5 55 B 4% 1] K 22 (Shen et al.,
2015; Loucks etal., 2023). Ih4h, #5if AFMQ FELFA K R AR E, T Eu =% vl fg ) B
TEAR B K AR A 255 T8 AR (Loucks et al., 2020).

Gd/Dy &5 FUEFERR IR T LM A 35 4 i ik Ae . RS st E K RS, AN
FGHEHEAREAD E RN EERRAME D 4 WA, [ERP-ERLoE (0 Dy. Yb) BUHIER
3 NJEs A, a3 S B AR ) T4 55 il 42 I T 48 (Chiaradia, 2014).

EAERERE, KRB B3 EE R 2 2R B8 prisU)) i) B ZRHEE A 5 IR R
MG RAFE 7R (R 20, XFh 2l GeIE T 505 R WA (41 XGBoost. BENLAR#R) @
T RIEAE, ERKRIRRHER AR A BAE A, H SR UURHIE AT B 5E B 3R R G Bt Bk Ak
AR 5 (Chen et al., 2016); 2255 [A] 31 # 28V 5CHE (Hosmer Jr et al., 2013);  SCRFRIEAUVKH T2
] () B Al St (Boser et al., 1992); 2 2N 48 W AT Ge A4 2 2 A MR RRIE R /R o [RIL, TEARISE2Y i)
KRR LR AR A, DR LA A s 1 L AT R o A B v 45 31 A8 BRI, R AT REAR R
TR B B ORI BRI AR A . TERBERAC AR T, S e LA ] R

17



B 4, B RUOUEAE 2R L[ Y R HRRAE, DA R BT S50 AR AR

g EPTIR, WS IR TR R R OC R AR S, LR DM A& EERE . BK. &
FINAES REIUVER RS, 24510 550 A TG 0 AR AR = AR AT (Lu et al.,
2016; Meng et al., 2021; Meng et al., 2022; Loader et al., 2022; Loucks et al., 2023).

5 gig

AT I A L B R PEE BLA RO A RS A R B KIS A E T =R E, RS
IVl 7 XGBoost. BENLARMAEAL . SCRF A SRS, W RERAY . MR M2 (2 2 ERA1E)
FORp MR SRR, FERIFMEREVPAG . S50 . FEAIRBEA BUEI O 75 20 B A AR Rl 2 3
BEA D SAES, BAMERE M S BURAK KN XGBoost. BENLARAR. ZHiHIH. ZFmENE 22
AR o X — BRI VEREHET, A SERR AR AR BE T B BT RO VPN AR A S it
TXREES%, il SHAP Al fEBME DM KB, Eun/Eun*. 10000x(Eux/Eun*)/Y. Ti. Y. AFMQ.
J Gd/Dy SEHEFRAT X 4 Bl 5 AR S B B faoe AR DTk AEGE SR 30 M B HR R T BEE ik
W RS HERIEARE, AT B R IR B g T T SRR AR LA .

e sTIk: )Nt s, ik, AR Bt U S CRS . ma B st A A, #
Pk B A T8 USRI B S B R S ST AR AE e LA R R (0 B AME 2. = an A 75 X A
PRE D S Ras s S ST AR 1 1 B S5 B e

™
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