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Abstract

Disease is a major problem that has plagued all human health and even life since ancient times.
Survival analysis is a method that can simulate the survival of patients, and can understand the
relationship between interested events and covariates, such as the relationship between the death
time of a cancer patient and his age, gender and other covariates. In recent years, the application
of survival analysis has become more and more extensive. It has also achieved great development
not only in hospitals, but also in other industries such as e-commerce, advertising, telecommuni-
cations and financial services. Through survival analysis, these companies can better understand
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when customers buy products, when they will lose customers, and when they will default on loans.
This paper uses a deep learning based survival analysis model, DeepHit model, to process the real
data set and compare it with other models. It is found that DeepHit model has a good effect.
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Function, CIF)i# 4743 H7 -
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PRI B I ] R R b A B S5 AR A I (R DG R e, IR BE ML RE AR A e ARSCRELT —Fhs A
7] B A= 47 93 #1771 DeepHit [2], "EAXTTEERENLIS FEREAT R, 88 FHUR FEh 22 X 28 B e =) AR A7 IR R] (1)
I3 AT R R AR R EL CIF /E R1Fs KL, 5 DSM [3] (T LASE 200 77 A% FH M 2k 2 4k
TS A F [ S0 7] R AR O RS, DeeepSurv [4] (3 2 B AU 1A Al XS 18 58 ) S A A gE AT 0 Lk, IR
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2. HIERERNA
2.1. BUEXIE

SUPPORT %45 (F% 1)k H—TILATIMN 9105 44 EAEERT B FHTE 180 RINHIAEA R T . 1F 9105
L EEF, 6201 (68.1%) % EEMEETEEIT:, EAAREPEN 58 K, PRIELARE 478.45 K.
SUPPORT %4 &6 7 4E#s . M. FliRZE 30 MR B EEEMNHEE.

Table 1. SUPPORT data
5% 1. SUPPORT #i4E

sno age death sex hospdead slos d.time dzgroup dzclass num.co edu
1 62.84998 0 male 0 5 2029 Lung Cancer Cancer 0 11
2 60.33899 1 female 1 4 4 Cirrhosis COPD/CHF/Cirrhosis 2 12
3 52.74698 1 female 0 17 47 Cirrhosis COPD/CHF/Cirrhosis 2 12
4 4238498 1 female 0 3 133 Lung Cancer Cancer 2 11
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5 79.88495 0 female 0 16 2029 ARF/MO.SF ARF/MOSF 1

w/Sepsis

6 93.01599 1 male 1 4 4 Coma Coma 1 14

7 62.37097 1 male 0 9 659 CHF COPD/CHF/Cirrhosis 1 14

8 86.83899 1 male 0 7 142 CHF COPD/CHF/Cirrhosis 3

9 85.65594 1 male 0 12 63 Lung Cancer Cancer 2 12

10  42.25897 1 female 0 8 370  Colon Cancer Cancer 0 11
2.2. YWIETMALIE

AR A R R N URME R B0, AR PR A 0 52 380 1) 5 e BB AR A I T ) L R )

F VAR T 1 BARAE B WAEEs . S FoR, AR A B A X e P AR R S P B e R B i

I BLAE AR R AR A A A 1 BAR F A S DR G A R A T s Ho A SR AR RS I e AR A R O ELSE
(PIRCHE , 38 %o AR A7 B0 1 2 A mT DS B AT AR e A v 5L A 36 380 19 S B 1) 751

2o R ], R A S AR E, X T oRAE, FRATEH python i F ¥ Simple Imputer B
(1) mean 773 RIS FHZ 0 ) I (A AR B RAB R T V2

FAEAAT A T MOV S ECEE AR, K5l KRR K A FTRERBOSERHAE, JEE BT I
e SR MG R H A1) R A N EE R VTRV AR, FATEIXF A MK IL N @ /T H 0 &R, I AR 5|
REMBREE K, BRI RKREENEFITA ERAH N ERSECR A & B2 15 BT LA
H X &R, x BV EXWHE, sEFHREEM KR, kZ7E s B A HAFR Bk .

2.3. FHENE

X ARMISRREAR, RAVEHAI IR P= (s =" k=& |x =), WAATBVER x° (0B AEN 1 5" 2
P & . LR B TR AR B AN EEET ARG 100 RIGEAKZ, FEAESET )
MR, T SRR R, FTUARI R SR 5] P, B AR S OB 17 A 5% 4 JXURS: O TR A MR 3 A
it

DeepHit A5 RY i I Zifi 28 ] 2% 2 ] Al v FH AR A ) I & Al o AP l — DML 2 K A
8 SRR KT I 28 4Lk, R softmax JZ2AF Jy e 2 1% 24 HE R 22 S /) K A58 S AR I & 0 A
AR SR R HIL G AT I 1 BT

LN 2%t 423% % 2 (Fully Connected Layers, FC)F4 il . 4% 32 2 AE BRI 4% CNN 25 H 24 T

“CORREET HIER, AERE TR AR B R R R — — MU BIRE AR IS A R RO . AR R A
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U . —A> bias Ar{F 2.
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WAz 5 X, fr LA AT EERR R AT DR S IORFE AR A 21—, dar it DASE— S XUS: K1 B0 R ARG RPAIE ) 50

DOI: 10.12677/5a.2022.114091 880 G2 55 F


https://doi.org/10.12677/sa.2022.114091

TKIE Y

Loss Computation Blocks

Shared Subnets

Cause-Specific Subnets

2ON _ 0
n A

i
i
1
1
I
i
i
i
i
i
i
i

Figure 1. Model structure
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I 5 R x SERALSESE T ISR 2 = (7 (x),x) = RETREE R K B8 A o A T
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K AR IR F B2 24 2 = (£, (x),x) (EASIN, 2% 5T VS BRI FR MR £ (x) RHER %, B
R R KC RS0 oI ) R, A H RO 5 4 Vo o o R L O 4 B 0
TR R 53 B 472 514595 DR B o T 3025 7

SRR M CIF Fom R AT VAR (B AR ¢ 502 B0 e S0 K e K MRS, 16 BA
4 A AL R, 4RB) CIF R Xt —

Fk* (t*|x*):P(sSt*,k:k*|x:x*)

= :Z*:P(s=s*,k=k*|x=x*)

=0

1T SRR CIF SR, FTUBIN B (512 ) = 3, -

3. SCUESR

FHAd ] pytorch-lighting 3Z 1745 H, ‘B HI# T pytorch 1] L 2% 5 iR il ABRACRY, faifb 747 &%
¥ HSRHARAD B 2k, AT LASE i fa] vk e Ae) s R B 2% S AR

P AL EET () SUPPORT 4 85717 AR rR 31T I 25, S-S5 2 B, (£ train_test split %
BZHON 0.2 XIS MAREMNZGE, FH T ReLU B HREL %% E N 0.0003 %,

©

Table 2. Model parameter
F2. HESY

accumulate grad batches: 1 min_epochs: 1
activation: relu model_depth: 50

alpha: 1 num_layers CS: 2
batch_size: 16 num_layers_shared: 2

beta: 0.5 num_nodes: 1
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check val every n_epoch: 1 num_processes: 1

dropout: 0.5 num_sanity val steps: 2

gpus: 1 num_workers: 0
gradient_clip_val: 0 out_dim: 128

hidden_dim CS: 128 overfit_batches: 0
hidden_dim_shared: 128 precision: 32

limit_test batches: 1 process_position: 0

limit _train_batches: 1 progress_bar refresh rate: 0
limit val batches: 1 row_log interval: 50
log_save_interval: 100 track_grad norm: -1

Ir: 0.0003 val_check interval: 1

max_epochs: 100 weight_decay: 1.00E-05

TERETY I RIS, 7E termin 23515 B precision i 16, batch_size A 16, max_epochs SN 100 #4711k,
WA 55 R BoRBEE N ARBEAT CIF (18 22 ETHEas, JF@aTiae, Eillgd-F CIF H 0.923
(0.892~0.953).
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Figure 2. CIF
[# 2. CIF

FORBRSUR RiF . BN e 3)MBEs (B Hh & U, BEEIIZRR#T, JiEsik
AR R0 2 R s, BARIGRURTE FRE 5 A AWE), BIFH KRN FREE 50 i i, XEH
WGFEIE R R 47, AT E W R EAESA BT 90%, UFIBRARIL R IF, &M T2
EITE

PR LE B S DSM BB AT X L B AR AE DSM RS, #EII 24T CIF 5 0.832 (0.830~0.834)
f# Fi| DeepSurv R BT I 2575 5] 45 72 CIF 4 0.805 (0.801~0.809)5 DeepHit A 45 kAT Lk, &
I DeepHit %Y CIF V¥4 T H e AL, JF B A SO BRI T FL e i,
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Figure 3. Train loss
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Figure 4. Val loss
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