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1.1 BENLARAK (random forest, RF)

Bl HLARME —Fh 5L T 2548 (bagging) FINLAR S ) B2,
EHRZ /RN AL B E 7R R EE S i) —
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Wb, BRI SENEIE T AR R EAR I 4 B AR,
PRI BENLIE RS 1 IS RS . FE 2y S8R, BEALAR
MRS 22 B S AL SR T8 R A 1) 3 R A5 R

1.2 WEREHLI (extra trees, ET)
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1.3 &R FEF (AdaBoost, Ada)
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1.4 HERREHTE (eXtreme Gradient Boosting, XGB)
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AR S S5 T SR PR B B oMU T 7 S 0 B T A 4
2 A ) nasa $¥E 4. Tantithamthavorn 45 A U (5T 52 4E
B 7N E RS 2 (the number of events per variable,
EPV) X G TN A AR5 520, EPV HBk G, T A
BFESE . BEAL, Peduzzi %N P HRHE, K210 4N EPV X THL
B IR LR AL T R T . (R, 7E 1L AN
{57 F 1) nasa B R, A SCIE IR 7 H A EPV KT 10 B4R
B BAARE B R 1 s

K1 ALRBERAGERMELE L

BRBE | ARSARE | SR

e NS I I o EPV | Bz

AR | AN | AM H
KC1 21 314 869 1183 79.6 26.54%
PC5 38 471 1240 1711 15.0 27.53%

IM1 21 1672 6110 7782 124 | 21.49%
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SRR SRR 3 AN 5y, Horb 10% H TS0, R
R 90% FI TGN , M REE, KEFA
BAGE SR RARAE . X TR R, @i 52 5 CE
A Z 2 5538 R AUE R A AP 2 MEAL,  DUHCRIRZR
FrA AREEBE S A . BEJS, R4 AUC (4 FHEfD 4
Ok e LI AER W R B SHUE . &5, AR
WS EAELE NG / MR S P A AR U AL

k2 ALFERRALOAM I X &

=RTS S HATR ik PRALAE G
BEHLERAR n_estimators A E;f:ﬁﬁ H [100, 50, 40, 30]
(random forest —

(RF)) max_depth | R I IR SE [1,4,8]
WEEBENLR | WA R E AR | RF=[1, 10, 5]
(Extra Trees min_samples_leaf B R ET[1.2.4]

(ET)) criterion R XI s FRAE | [gini, entropy]

5557 2] R HY B
i 50, 100, 1000
Adaboost T+ nestimators IERIEL [30, 100, ]
W (Ada) leaming rat FFANFYE SIS | 11, 0.1, 0.001,
earning_rate
£ BRI R L 0.01]
. BREEBRFBEL| (100, 50, 500,
n_estimators o
- H 1000]
XGBoost 5% ) 4RI ECK | [0.3, 0.1, 0.001,
max_depth -,
(XGB) PR FE 0.01]
FG /N EE 22 3] B
learning_rate E; X] ES;;BZ; ;E,] [6,3.4,5]
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HIERRTE (Ada) « BREBREIRF (XGB) , LARMEAZA
Tk VR ) B TR R B D B R, IRk R AR EAE
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il Python Al scikit-learn SZH.
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2 X precision X recall

F,=
! precision + recall (D

TP

precision = TPrFP (2)
TP
recall (TPR) =m (3)

Ao EPHME (TP 28 H ERA 73 25 9 BB (1) f S 1 4
B, RFETE (FP) R IR B 1R 73 38 BRI 10 Bk S5 R B
BIME (FND 2 H8 Bl 2 73 25 D9 B 1) e S0 1R e
2.4.2 AUC

i 28 N T Y Carea under the curve, AUC) J& 8 75 # UK
# e {E K5 {iE (receiver operating characteristic, ROC) i £k
THARKIE . Bl LR A2 (true positive rate,
TPR) FRPFAMEZ (false positive rate, FPR) KTt 1 74 [
PERE . AUC ¥ & 1T 5 142 ROC 4RI, X ANTA R,
TR L. AUC AT 0 ~ 1 20, Hr 1%
NEAEVERE, T 0 RN E M RE.
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&3 SR EBRAZTARE AR L

RF AR ET &1t Ada &l | XGB &fl
BHUL A sume | sRue | susas
Kl RF[n_estimators, |[ET[n_estimators, Ada[ XGBJ[n_
a[n
% |max_depth, min_|max_depth, min_| = estimators,
estimators,
samples_leaf, samples_leaf, max_depth,

learning_rate]

criterion] criterion] learning_rate]
KC1|[50,1,1, 'entropy']|[30,4,8, 'entropy'] [100,1] [100,6,0.3]
PC5 |[50,1,1, 'entropy']| [50,1,1, 'gini'] [50,0.01] |[1000,6,0.001]
IMI1| [30,1,1, 'gini'] [30,4,4, 'gini'] | [1000,0.001] | [500,3,0.01]

3.2 HEBH R TERELLAL

F 4 JER T HBER (Stacking LR) S5 15T
WROLAE Fy 4590 AUC J7 T B TR PR RE ELRE . AR5 X Y
PP ARIR I SIMEAT 7, I HE B B B T 1 g AR 10
75, IF HAE VP $dl gk LRI — 2. Je4h, XGB &R
e DR TNPE RS, 7E IM1 R 4E |, HF {HA AUC
EEHEBEMAA L. 55— J7H, Ada fEJTA HEE LIOTERE
FEET RN, AREMRIRE.

% 4 AKB A ERAE stacking 5 AR AR A M B AT 1L

Hise | FER | RF ET Ada | XGB |Stacking LR
F, | 62.03% | 63.11% | 59.54% | 60.92% | 63.13%
et AUC | 68.04% | 68.12% | 63.71% | 65.16% | 68.25%
F, | 68.35% | 66.55% | 67.42% | 69.86% |  70.69%
re AUC | 73.23% | 73.29% | 72.32% | 75.96% | 76.40%
F, | 61.40% | 62.31% | 61.89% | 64.94% |  64.55%
i AUC | 67.92% | 69.16% | 69.56% | 71.01% |  70.88%
FFYIME | 63.93% | 63.99% | 62.95% | 65.24% |  66.12%
AUC 5 FHIE | 69.73% | 70.19% | 68.53% | 70.71% | 71.84%
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NFEGP TS, A ATZ BRI [R5 0 70 3 FEAS R HE B £ 1
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R 10 PSS TR ) B 4 J A NN 1k e DAL T H A B T el
(KIS R

VERARR W FEIT 17, AT LA FERIE TEAN[R] (14 7 44 £ 7
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