51 % 5 91 HbBR R} 2 Earth Science Vol. 51 No.9
2026 “F9H http://www .earth-science.net Sept. 2026

https://doi.org/10.3799/dqkx.2026.084

ETEaREANMETENNSREES]
1R B B SR A R 1 Ry E

= 1,2 1,2% > 3* Sr SH- 3 -3 1,2

NN EAARE ] BT, ERHAC, K E A
1. PEARARF(AFT)REHAFEFTRFR, ARTRFERRBLE BT PRI 25K EEERE, 7 100083
2. FPEARRARF(AT)AAZEFRFR RAILE RFAN4LEE LR E, LT 100083
3P EMARF(AFTIALELRSRE, T 100083

O R AL G on R P A A BB A Gt o0 2K RO I 4 AR L DL s Al R R ML R A 1) B, AS BT 5T S A PL
23] Rk DU B A AR 0T BT W O H B B ME R S R O T ARk A M R A R T R RS T
XGBoost . B Bl A& Ak S HE ] G AL 32 % ] U3 R R 28 0 4% RN R B (9 43 S MR AR L OF 45 & SHAP T fif B R AE 42 fige A 455 Y o
ML . 25 R F B XGBoost 58 HI 43 2% Ui 1 2 I = (86.85%0 ), Ho Wk oy Bl AL A% Ak (83.84 %0 ) H1 3% 45 [l 5 (83.84 % ) , 3¢ +§ )
AL (78.90% ) Al £ J2 SR A1 2% (69.86 % ) 2 B AH X 32 Ik .SHAP 43 #7 B /R , Euy/Eug* . 10 000 ( Euy/Eug*) /Y . Ti. Y \AFMQ
F Gd/Dy 52 0 510 B ¥ Iy i 56 B 45 bR . AS B 5 4 2 (9 XGBoost | B HL 2% Ak 25 455 B8 A A% IR 51 BE o B H B R 9 g 9T
TE G Hl I A AR 1R, R AN O B AR A A TR R B A SR N v R S R R B AR SR T B S
SRR BEA TR0 HLAR 2 ) B A I T B B

mESES: P612 XEHS: 1000—2383(2026)09—3530— 17 s HE:2025—12—15

Application of Machine Learning Models Based on Magmatic
Zircon Trace Elements for Discriminating the
Metallogenic Potential of Porphyry Copper Deposits

Wu Chuanchuan"?, Meng Xuyang"*, Liu Pin®, Xin Ruyue’, Cheng Jiawei"”

1. Ministry of Natural Resources Key Laboratory for Exploration Theory and Technology of Critical Mineral Resources ,
School of Earth Sciences and Resources, China University of Geosciences ( Beijing) , Beijing 100083, China.

2. State Key Laboratory of Geological Processes and Mineral Resources, School of Earth Sciences and Resources,
China University of Geosciences (Beijing) , Beijing 100083, China

3. School of Artificial Intelligence, China University of Geosciences (Beijing) , Beijing 100083, China

Abstract: To address the limitations of traditional binary discrimination diagrams, which arise 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.
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Based on global zircon trace element data from porphyry deposits, we systematically compared the 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 lLogistic Regression

(83.84%), while Support Vector Machine (78.90%) and Multilayer Perceptron (69.86%) exhibit relatively lower performance.
SHAP analysis identifies Euy/Euy*, 10 000(Euy/Euy*)/Y, Ti, Y, AFMQ, 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 into

intelligent mineral exploration but also important references for model selection and optimization in practical applications.
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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 mag-

matic zircon in porphyry deposits
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Fig.4 Principle of the random forest model (modified after Breiman, 2001; Guo and He, 2024)
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Fig.6 Principle of multilayer perceptron (modified after

Guo and He, 2024)
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Fig.8 Principle of five-fold cross-validation (Pedregosa et
al., 2011)
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fiff T A ] 30 ORS00 %6 22 [B] 9 00 3R, 2 I A 28 531 Ay
A A NP I, PR T 2R 0T A8 B BB AL B 1 B L R
ROC [ £ Fl PR T2 HRAR B0, (H T 125 52 it b Al iR A
R PR RE R T AR 2T 0 1 FROR PEAL AR 7Y
PERE (Yang ez al., 2024). 1 AUC I 2R & T
TR AR /DN, RE A%t Ak S R Y 19 PR , O (R B
i T 1, Ul W R A R B (R L SR 55, 2022
X 7 1% %%, 20235 Carrasco-Godoy et al., 2024).

e TP+ TN
{EEEE_TP+FP+TN+FN’ (7)
TP
v 1]‘ X% =,
Hadf 4 TP + FP (8)
TP
= 9
Gk TP -+ FN (9)
2 X Precision X Recall
Fl- = , 1
seore Precision + Recall ( O)
S (TPR )= — (11)
B TP+ FN’
P (FPR) = — 0 (12)
X T FP+ TN’

Hod TP AR 52 B Ay B o (A B A7 100 45 SR A Ry
B 5 R B A B RE AR B F P U 3R 0R S B o R i
R B AT B0 S R R B A R AR R, TN
WA 2 52 B Ay A AT S A B A T 00 45 R s R A Bl
W RS A R AR Bl i, FN U 38R SEBR R iU
A4 A T F00I Ay AR T A A B REAS B (1 9).
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J# J& Scikit-learn |, Pandas Numpy % , 4 2 = % £
Visual Studio Code ¥ {4 i2 17 A 56 48 5 .
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i 45 SRNFE PER . PEREXT H 4 SR 2B, XGBoost #
B[R 7 O = A s s ol 0 111 |
0.944 440.003 7, f5 1 2K Ky 0.943 8+0.003 7. #f £
W 2% (22 2 BN ) IR 2, e 2R 55O 5 5% 2 51 R
0.943 740.005 7 F10.943 2-0.005 6. 1 32 5[] # AL
A ATL AR PR ASE R B ME B 25 43 3 S 0.931 42£0.008 2
0.919 3-£0.006 9, Y11 £ Fe B rpr 45 32 4 [m] ) 455 AL |
SRR PUARR 2% MERR 3 5 AE 0 R 03 5 0.878 9+
0.010 2 #10.878 2-£0.009 9, ¥ i K T H Al AR 7Y .

AR S 3 B AL 9 2R e S U R
SR G ARG F BRI, R A RTAE
IZRAE 1 o 2) R DL 1B 3% 2. VR VA o P 45
REH, XGBoost H BRI 7E Y 2R 4 1 WU T et i) 2%
2 PR RE, H AR S E B R SRS B R 2K ) 10000 (I

BRI 1) . ZE R 4E |, XGBoost [\ 2 30 1 i A1 1Y
ZAGRE T, 4 25 ME B 3 5 RS B R 1 95,2806 (&
2) i T AR A | A A A AR AR B Y R B
o BIRAR UK Ry - i 2 W 4 (22 2 O 2% ) fE 1 R
H W 22 3 O 95.00% 5 32 FF ) i AL Ry 94.14%
BE AL 2R MK 5 B A 92.79% 5 92.80% ; # 45 Bl 5
R o B R O 89.05% , A i R O 89.33%.

R A5 45 A5 A0 AE WK A Y R, O T OIS & A
B 17 AL RE 77, 4 1l i A 7 ROC il 26 Al PR i
LA RE 10 20 n AR, RIARTH
XGBoost £ B 2 AUC F1l AP {8 43 5% 2 0.990 1 Al
0.988 0. #ft 25 W £ ( Z J2 S H1 4% ) B 7 1) AUC {5 A
AP B3 5124 0.986 51 0.982 1. & B 45 i) i HL 7%
RS R SR ) HLBE A AUC F1 AP {E 2390 8
0.982.,0.978 £ 0.981,0.980. 3 % [n] I # 4 1) AUC
{8 A1 AP A 4% 31 & 0.944 8 .0.905 5, A X 4% 2% .

DL b g5 R R B 45 B A A DK A Y 1 g
Wi I : XGBoost #5571 P fE % B A X B i, £ )2
TR 2 AR SR RO T 1, SR ) o AL 5 B AL AR AR
A 3R I e A5 T 32 A ] 05 S R M 8 AH X XA
3.2 R B BE I 57 K

6 I R W 5% F , XGBoost 8 A1 ( #E iy
95.28%) £ 2 B 2% (HE 0 % 95%0) L 3 FF = AL
(HERfR 2 94.14 %) (Bl ML AR AR (HEB 2R 92.79 20 ) A5 8
RAE M A T AR R B AR = i R R (R 2) (1
2, CAUR RV, T AL g2 D k(22
RS BEHLAR AR XGBoost Z 45 7 ) 23 3 i &
R A DA R PR G A0 A D AL T e TV M
BRI 5 5 B RS RLPE R B, 7E S BB B R 2 )
26 v, K AN AT A R M T S ) TR Y 5 AL 1) v
P 5 7] FE % (Reunanen, 2003; Rudin, 2019; Zhong
et al., 2023) . A B 5 (A5 70 P B L 3L 7 A 3
SEHEAT VAL AF I IPAL 75 X AT e A7 78 V5 7 1 B0 it
T AUBS: . T2 48 5 MR TR B A — BRREA
4% [ 52 Fe I BE LRI 43, — 3 R REAE A A FE A 5t

F1 RE R Z XWIEFHEREIER

Table 1 Average performance metrics of five-fold cross-validation for the model

ELE:

F1-score

AUC

1Y iRk g ES
XGBoost 0.944 4£0.003 7 0.943 84£0.003 7
Z R IR & 0.943 740.005 7 0.943 20.005 6
SCHFIA] AL 0.931 4-+0.008 2 0.930 90.008 5
Rl AL AR A 0.919 3+0.006 9 0.918 54+0.007 1

YR

0.878 940.010 2

0.878 240.009 9

0.944 34+0.003 7
0.943 64+0.005 9
0.931 040.008 0
0.919 24+0.006 8
0.880 6+0.009 8

0.944 040.003 7
0.943 44-0.005 7
0.930 9£0.008 2
0.918 84-0.006 9
0.878 6£0.010 2

0.986 540.001 9
0.983 340.002 1
0.978 040.003 6
0.975140.003 4
0.939 34+0.008 2
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Table 2 Model performance metrics on the test set

Bow R MR AEE | AUC AP
score

XGBoost  0.9528 0.9528 0.9528 0.9528 0.9901 0.988 0

ZZEHEE 0.9500 0.9500 0.9500 0.9500 0.9865 0.9821

TR AENL 0.9414 09414 0.9414 0.9414 0.9809 0.9798

BEHLAEA  0.9279 0.9280 0.9279 0.9280 0.9819 0.9778

EEEIE 0.8905 0.8933 0.8905 0.8907 0.9448 0.9055

®3 HEBEERMBIEE LI RE

Table 3 Performance metrics of the model on the unseen

dataset
iy R A % B ER Fl-score
XGBoost 0.868 5 0.923 6 0.868 5 0.883 8
Rl AL AR AR 0.838 4 0.914 3 0.838 4 0.859 5
#4717 0.838 4 0.909 3 0.838 4 0.858 9
SCAF ] AL 0.789 0 0.9157 0.789 0 0.821 4
ZIZEME 0.6986 0.900 2 0.698 6 0.747 9
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RS A B A 4 E AT R ) 43 28, T A A R b g
6 bR WL 12 K 3. XGBoost #55 5I 7E 1 il 57 56 3iE
8 L AT B 0 F5 R P BB ofE R OR 86.85 %, K i R
N 92.36% , R B R AF iz RE 5 KRR e
L IR o 3 N R T W IS 1 e S
83.84% , fH M KE 1 %k &, B ML A% R (91.43% ) W
e F 32 45 81 )3 (90.43% ). 3 F 1) B ML S 28 (9 4%

(Z 2 IBAN 25 ) 1950 R R N B I 3 45K, HE B % 43
WA 78.90% 5 69.86% . LA 45 R F W, XGBoost,
Wit AL R PR S5 S TR A T X A 60 B B AT RE R 4 4K
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T T A5 S HE B D Fh , XGBoost 5 (K 25 B e AL
MIZEA MR (R 2). B, 283 UL R ] i A7 TR A
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SRV 00 B B N R R LS Y G B R A
£ #% Lu. Gd/Dy. 10 000X (Euy/Euy*)/Y. Yb.
AFMQ.Y Pr.HI Ti U % . X 86 5% Bl 5 A S EEARAE
TR I T AR HE 1 SR B L K i S 48 A A S = R AR
Ak FE S8 WA WECHE SR 3l B g Uk T e LA
R AR OGS RRIE R S E A L R B
Fafil vk, 28 BT M RE (LR T XGBoost £ 1 H 7F
AR B T R I S 00 B AL AR AR B 1 47 % [
G322 J2 BN 25 AR R R B B iz A Re ) R
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Fig.10 Model evaluation curves
a. ROCIIZE ;b. PRZ s AUC. M2 T AT A ; AP. S BIKS f BE
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Fig.11 Honeycomb plot of feature importance and influence direction analysis based on SHAP values
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Fig.12 Confusion matrix of the model’s classification results on the new dataset
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PEARVE A RBEFE (B % SHAP 20 Fr 45 5 R (&
11b) , U451 A 4 R0 76 R A 5 B2 1 A HE b 77 A 4
B 22 5 AHARU T — A — B R L R AE 4
4 AL #E : Euy/Eug*. 10 000 (Euy/Eu*) /Y . Ti. Y.
AFMQ 5 Gd/Dy. H v K 1E 48 5 Euy/Eug*.
10 000(Euy/Euy*)/Y J AFMQ 4 5 £ /K &8 F1 4 ik
IS VA C 45 b, SHAP (5 35 B 55 R 11F (i B
1 1 LE A G 56 3R CRP AT 0 200 €0 DA i B 21, KO
I B IR ) A7 B B ) R A TR K i
TR I AR R AR TR N FL W A BT B A A R
B IE 1) 5Tk, X 5 A% GE o B R 8 4 — .
XA IEAE Z R h e R, s R B XA Z
B — L A R B UE BT T A B B
5w S A b % 8 M S b Bk E 2

4 g

41 HRBMERERMESH

XGBoost Fl Bifi BIL A% Ak 1 4> 452 AL 7 I 3K 52 AR
HVESCHE B 0 A 2 D A e R v 3 O e B
HAEE M2k 5z i ) X448 TEN#H &
4 j 2% S HLH (Chen and Guestrin, 2016; 22 8545 |
2019) , H rf XGBoost 15 51 38 3k A FE 42 T 5 0 4K K
P 2 BRUC SR, B — AR B BT T8 I 1T — R
B 5% 22 (2 (4)) , 3 i AL I 68 T g 2803 42 85 A Bl
LG R WY R 4R 2 R AR RS UE 2 18 B S R e 4k
P FLAR by AR 2t DG HR (2 4%, 2019) . 1 X T 4%
At T R R UL, (5 B AL 5 B A B — T
R B9 R AOBT T R HE (4010 000 (Euy/
Euy*)/Y . (Ce/Nd)/Y .Ce/Ce*) 5 & 3 i 2 (K&
B AR E) M AE £ 1 3¢ B (Chen and Guestrin,
2016) . A Bt % F XGBoost # 51 5k i3, H: A M b 4
ft b PR 0 O B A T R T ) e B4R R B X
Y 56 B AR AE . [ B, XGBoost N & Y 1E N {1k T A
AR TR R AT R B kG T S LA, DA AE TR X
e B A [ 3 5 R UL i BT R B A I AT RE
R 00 4 NG T o5 A8 B T L v )
B b J 0 b o — R SRR iz Ak RE ) 5 R
n] % # (Chen and Guestrin, 2016; Wang et al.,
2023a, 2023b) . i H.ix 55 8 50 7 ) 15 4 0B 20
MR ER (L2, R R R —3.

Fifi AL % AR 1 Bagging B il AR AL E 2 B PSR B
JELA 527y Jr 2 0 25 2R (& 4) R IR AT ekl

il 76 b #1524 Bt HLEAT 55 OC IR AR B B Eh T X G-
Boost, {H 4K #& 32 B0 R 8 1 0 0] o g (€ 2,
7 3). H 5 XGBoost 7] UE W] 1 42 plt 2 > 155 8 7E
Aib 3 5 Ak A 2 bR Tk 2 A T T 5 R A
ORE o MLRE A E I bk B Ar
(94.14%) , T 76 #7 B 6 4 b ki 2R (78.9%0) H 3%
I A PR R 12 A AR 3 s A% o BSOS B R S & o A
73 (] LA o 25 1w (T 5) , B DA B 32 224K
A% oA BOHE B DL K S B0 AR L O Bz B B X
PR LA S 2 BUBURR , 45 o 2 B R FLES A i i e R
BPE (0 2% B Bingham Canyon #7 JK | + H- H: Kisla-
dag #" R ) 43 41 B 55 I 5 4 A7 A6 22 5 (9 52 ), DA T
i 45 A Y 43 2 50 B S B0 R B R R
1717 3% 4 ] 4SS 7R A 6 A B 4 AT 4 28 O
gy 25 i 2 (83.84%0) i it T 3 RE ) B AL A
(78.9% ) il pft 28 N 2% ( 22 )22 S 1 4 ) 455 750 14 of: i %2
(69.86% ). H:J5 A A] RE J2: 1% 58 101 051 1 S 2k 1k A5 1
F2 %38 1 Sigmoid PR FICKE 26 M 4 A B g 2 X E [0,
1A (5) ~(6) ), ik 4 o & & (K
(89.05%) , 3% A% Sz Wit 5 A1 T B e 2 5 W {5 2
A AR M AR T, I AE L — ST R T SRR &,
JEAGRE HOKE R RBREMEAER, X 5%
Gt 4 B 0 R IR — B (Zou et al., 20225
Zhong et al., 2023; Wen et al., 2024b). 1iij H: # #Y
16T B0 B e R R 4R T (83.84%0) , JF H 5 K HL
AR MAAE AR AR ], HL o 0 D DR 2 A5 78 45 g 7 B (AR
1O HERRAE 1 22 % 56 R (A1 Euy/Eug* .10 000( Euy/
Euc*)/Y 5 B8 5 0 A 3¢ ) | 1 76 B 20 4E b ik 2
LM IR K AR R A AR AL, I HL % 4 ] T X R AR
LM R BA R Fa e Ik PRI ik e 1 A T A A
Xof W R R AE 1) ot B AL L FL AU 2 4 2 31 1 4 M
TIE ¢ 22 Mg 6B 8% 7 FH A 37 5000 4 1, DA 4 i 17 3
R T S s e R e S (| P
2022; Yang et al., 2024). DL b 45 B R W 16 B dh
R DL R 48 M R AIE O 1 B S 1 3 s b T R
LY (4N 3% % 1) AT B — s /9 1 (B, (H 2 TE
B AR 2 M A R X KR AE 22 T 36 AR Y TR B A AT
P2 W 45 (2 2 BN 2% ) BoAE It 4 3 B 4R
I (R 95%) , ALK T XGBoost B A {H 75 it 37
BrBUE £ ER R IR R 69.86 %, HMERER L2 T
BRI R 22 A R ATRE R TR A% (£
JE G 2%) W B LA T S B, A 2 N 4 2L A R
RO, ol 1t 22 2 0 28 00 10 B 3 B 92 4 AR AR 1R
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B 6)  H B A Gl Bl v 3 DO R A Y T
IE U™ 8 A 0 3R A5 B B B 2 2T 5 DT 5 B
RUTEPh S (B i 4 Lz ALBE T AN 2 . i 25 I 4% 16
RS T H A B REAS 1 A0 43 28 AT 55, AR B
FEAEA BB/ AR 23 T HL O 2 A0 v R A . AR
I 2R 46 B 16 2 Fh A0 3 8 50 T B85 0 o EiodiE L 3
BECHE A b Y B A e BOHE RT B B A A YRR
fiE T A 28 09 26 5 o 2% 3 5 A R AR, S SO AL
R R R R N R S (TR I | I e el (1 W <]
SR R BN AN R A el S S [P S
e BB B A, T 3L BT B B 0 E A R T R
42 XEFINEFREEMREX

H T XGBoost 5 Fifi AL 2% M AE B 1) SHAP H Ak
BT A B R D — 2 v B — O 1
W5 AR B B A O T8 s, 4 Eud/Eugt.
10 000X (Euy/Euy*)/Y ., Ti. Y.AFMQ K& Gd/Dy
(B 11). 5 — P A AU 3 I 38 14 5 1 3K 26 48 5 19 b
Bl SE e AT IR AR IS AR TR, T2 43 0] M I AR
JE KSR A IR R S A S AR A DG A o 4
e [w] 2 i 1A F] TR IR R A KR GERE

Eu/Euy* 5 10 000X (Euy/Euy*) /Y & 48 /R
FHOKE R CHIES AT Eu i 5w E
LR TR A RS & 8, s K ST A
A1 45 df 2 30 R A 2 B, DT PR B e A b Y
Eu 5w . B, B % 19 1 Eu 5w % (i Euy/Eug*
i) % 5 & KA K MK (Ballard ez al.,
2002 ; Dilles et al., 2015; Lu et al., 2016; Li et
al., 2025). 4 W F M il Eu 5% 58K Y & &
MHEE G W R ARED TUMINA RN EN K
WA BA M MANANREFEZERARKESA
o B 46 K & &= (Loader er al., 2017) . % 38 Fr
By R E AR TR KA KR TR R R
SR A A Ay T i Y A% 0 WL R (Lu ez al., 2016).

TiAE 45 A0 45 af T BE 1 7T 58 b 3K Ak 2 I 2 3
(Watson and Harrison, 2005). B4 ™ & 40 (1) i -
IR AFAE — A W B 09 A R B %0 0 Gl 2 650~
850 °C), fE A I AL B 2 LB &SI . P
P I B AR N 45 IR R BE S K g B AR
PRI BT 12 ok 1 o ) A 45 o Uk B8 0 R AT, T B
BT A 3K PR & R4 (Richards, 20035 Lu ez al.,
2016; Loucks et al., 2020; Nathwani ez al., 2024).
WA, Y E M ER £ 0 F (HREE) 3%, H & & &
BT RIT Y CAn A IN A B K A ) 1 3 B 4

BMAWMY S®ERRal T RENMANASR, X
W5 5 KA A BOE BOR 1 A KR XA IE — 2
(Ballard ez al., 2002 ; Loader et al., 2017).

AFMQEhy B4 0 4000 B2 A48 b, HAE S
TR RRAE B IR 1 e SR B R Y SR R R R R
i B BE B OR A D g R £ R =X AR Ak P 2K
FELE T 3, DT B 1k s 4 J& o 5 i, H:
5 DAAR B 2 0 44 0 9% B Bt (Mungall, 20025 Sun ez
al., 2015) . FEARWFE H , AFMQ Y B M HE 5 A7 %)
SENE L ATREE T LA N S R A - 55— Euy/EufE R
—MNE AT, O FE KRR TR KSR R
KAanrME2HEGFEY fERmERERMNT  Euld
EW I AETE , 5 T3 ARHS A f A, DA 3 5 4%
A B Eu i B % (Ballard ez al., 20025 Trail et al.,
2012). W It , AFMQ #9257 {5 B T BE & B
Euy/Eu #7018 55 . 55—, S0 B2 s iy b 22 9E
FoAT AT T IE EA K S R AR R P IR AR
M .Eu/Eux5 TiSE46ir g BB RMEWAK BT S
45 bR S 3 W R (Shen et al., 2015;
Loucks and Fiorentini, 2023). It 4k, & A4 AFMQ F+
B0 SR IR I I ) AR L T Eu S T RE S B T
AL S AR 255 48 B8 (Loucks ez al., 2020).

Gd/Dy 55 W8 48 #5 L W 7 LM IN A E
SIS REAE EMPETE RN KRS
U N PERQTTE AR R K (o e o 3 (R A
Y E A R AR R - E A LT R (W Dy . Yb)
DLAH T B LG ) 3 N A I g S R R R T A
SR 4 R B9 PR 4E (Chiaradia, 2014).

A RS, S ml s bl 32 8 R e 22 )23 Ik
AT TR ) 0 L RRE AR A 5 R IR B 45
FEAE 25 5 (AL 2) . 3 F 22 S5 o] BRI T 040 76 B 2 . )
R (4N XGBoost ., Bl L AR AR ) 38 12 28 15 53 H1 5 s, 48
F A PR RRAE B) 7 E 26 22 BAR T, L AL URRAE T A
TTOE BE OHLOXF R O B b K b %% 2% & (Chen and
Guestrin, 2016) ;32 % [0 I 55 25 P4 < 8% (Hosmer Jr
et al., 2013) ; 3R ) da MU T 4% 25 1) 1) w0 40 ¢
(Boser et al., 1992) ; 2 )22 B A1 45 W W] R ¥4 2 52 2% 1)
B SCRFIE ZR 7 . IR I, 70 B ASE 78 i) 3K o v B S TH A A
TEZH A, DRHEAE 79 oo 2 e L T i e e g A 7 £
) 28 LGk AR AT B AT T sl v ) A A
0 1 b 3K A 27 48 807 T8 H R Ak 27 B 42 4 o,
3 2R BE A (] i BSR4 A, e OQ I TR 2 A
b IR R B AR AR, DL S b T 45 08 1 RS £ 1
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25 LTIk L HL AR o o) BRI 4R o YOG BE S AR
A, S fm 8 A B R K 2T A
N A3 S B IR RS IZ IR S AT AN TR
g5 M BR AL 27 F 5T KA B9 NI S AR AT (Lu e al.
2016; Meng et al., 2021; Meng et al., 2022;
Loader et al., 2022 ; Loucks and Fiorentini, 2023).
5 45k

A5 30 2 A8 A A BREE A B T R K
5N S SRR A O T R B R L R g 4O
Al T XGBoost Bl HLAR ARAL AL | S HF o] 1 HLATAL |
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