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Abstract: Survival analysis has been widely used in the field of medical research. The Cox proportional hazard model
is commonly used, but its practical application is limited. Machine learning method can compensate for the shortcom-
ings of the Cox proportional hazard model in terms of nonlinear data processing and prediction accuracy. This article re-
viewed the advance of machine learning methods represented by neural networks, within the field of survival analysis,

and highlighted the principles and benefits of three machine learning methods that DeepSurv, Deep—Hit and random sur-

vival forest, providing methodological insights for the analysis of complex survival data.

Keywords: survival analysis; machine learning; DeepSurv; Deep—Hit; random survival forest

HAF BT — BT IR FEA AR A A — Bt ] P
AAF ST BRI R ZE M I S R RIS R, e
PRAE TSR 22 W o Fed R SEH Ay
Cox LU ASERY , 2RI TE NS G B 45 R X
U BRECR VR ARG, HATE 5 LR i
o AHAESEPR TAE X BB —E oL, FEHRR
B2 B RRA o BLgor S vk — bl i kA ey
A IENEEAR BREE, JFT I, e
Tk FTRHARLAMES A, Gl AR LA~
PR 224, TR P IO RS AR St
55, RESE R LA AN G AH OCIBR A A OB Tt

DOI: 10.19485/}.cnki.issn2096-5087.2024.06.009
EEWE: ERXARPEESIE (82073662)
EE®N: XN, WA, AL DAL
BEEE: KER, E-mail: zhyh@mmu.edu.cn

R, 1995 4F, Faraggi—Simon A7 YH) FH A 28 1)
ZEXF Cox LIRS RS HEATAR L e Jie 1 B+
RIGHEL, BEAEAZ N TN E S (dropout) J2
oY Nesterov sliiHiA, MIFIE Bkt G . BHEETH
IR VR BE R ME SR A1, 4 1 BB B 00 Az AL BE
73 B HR P2 IR B 25 Y IS R AT S5
BURFAVCIC ), SFBEARIIEBORAME. A3
K& PubMed., HHERIMISEROEIE 1995—2023 4R 43K
A DCHIFTE SCRR, X LARP 2R I 26 AR ER I BL A -7 T 1
TELEAF AT SR RIS A TERA , RN Deep-
Surv, Deep—Hit MFEHLAAFREM (random survival for-



TR BE 2024 4E 6 H 45 36 #4564

China Prev Med J, Jun. 2024, Vol. 36, No.6 - 497 -

ests, RSF) 3 FHLanai > A AP TR BRI A5, o
BAAAFRR AT T k57

1 NRFINEZT REFITEERR

Bl 2 ) AR A7 A A Y ) SE B B S
e, IR A% 27 2 10500 A Ak 2 SRS e 5 fiE
NEHEWAZ AR, 1995 42 1Y Faraggi-Simon
B e A 2 W 28 5 AL 58 Cox LU A9 XRG4 2 A
EE AR Em 22 2 B A N R BRI
Cox L 11 IXUJRG: A5 Y v (i 2 Mk Tl 00 o 5, I pl
PO 285 F A R PE SR A S 03 Cox FU 91 XU A5 51 F) 2
PEASE BRI, H 528 K B0 H B A 0 4 RE I AL T
48 Cox LL i KUK B2 84 00, 2018 4F KATZMAN
S5 ARG BE 2 S RE SR h G Faraggi—Simon #17Y
F % T DeepSurv Bl , & B —SMER UL F155
Cox LA XKAERL, [RI4FE, CHING 45 '™ 4 Hifh 2 0
255 Cox ML XU AL BIAH S 5 O ALHY Cox—nnet, %t
X e 10 2 2 B A R A 1 U R B . ZHU
S T DLB TR 2 I 2854 DeepSurv HPY AR 15 P25 1)
2%, LT s Ao BRI R RE AN ) e s 2L
B, AR TR TINACR . R SE S SR
Survival-Net HE4L, & J2 JE T4 25 I 28 TR 245 DL
WAL PO, 32 S XS BE LA 2H B2 b i) i 4
TR 0, R PR A A4 S 1 TR A R R

93— AT R B R RS  (R  Hfk , FET T
[F) DX A 23 3133 AU sl A A7 RS . 2017 45, LUCK
S R —FP L DeepSury BRI, ANEZ
Qb TR (R e 1T A D R ) DX N PR R L,
AAF ST RTINS S Y o FOTSO 45 2 3z I
LML AL S5 2R, ] LU TR0 1]
DX [ PN B AE AEAE % . 2018 4F LEE 45 130 B —Fil
XERIIR S HEF IR ARG &, IR 28 Al AR
AR 7, 440 Deep—Hit.

H BTN A Z B E A3 AT 73 2R AR T 2 RSF A5
R0 BB G AR SR A A S T A A A
I TRIFEATTIEN , 2 R R ) TR YN [] AR

2 3 ThEBMNRFEIEFESTRE

2.1 DeepSurv #£A

DeepSury FEH JEILTF Cox Ho il XU A5 74 35430
SRBEE, SRR EE 2 ) FE A0 6 XU, R K Tt A6
B, i ZRES A BRI, B EAEE JER
PER R e LA, TT45 6 A A7 I TR 000 25 ) 2
Fo BT KR BE O BLAL I T 2R

AR, WA R . ReLU., #tARFEH—1b . Z5ik.
Nesterov Bl . 6 BEAE Y RN~ 2] SRR FEAF .l R4
W25 AL TR 6 2 BUA T D AR 1 0 AR A XU 8 52 00
DeepSurv BRI MZELEFIANE 1 R, « A AZS &
(RIBIFFEXT AL S S s ), B2 i T 4 i 4 =
MEFRZ, ZEHS, @G — 2L 55 E N
HAE R IEAT P AL B, A3 R S R by (w0 o
DeepSurv A H S BE R IE AR S L, REFEANTR AE
SEE IO T AT T

it i i iy

[ A¥B (Fubly-Connected Layer)
( %902t (minom Layer) ]
T (Fully—ﬂConnected Layer) |
( J

1l
737 )z (Dropout Layer)

[ 43 8%)7 (Fully-Connected Layer) ]
1
[ 7317 (Dropout Layer) ]

[ XU B Behg () ]
1 DeepSurv [ £ 2k 4 ]

Figure 1 DeepSurv network structure diagram
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Figure 2 Deep—Hit network structure diagram
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