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Abstract 

Non-small-cell lung cancer (NSCLC) represents approximately 80-85% of lung cancer diagnoses and is 

the leading cause of cancer-related death worldwide. Prediction of time-to-death-event is necessary 

and helpful for deducing proper treatment at early stages. In this study, we utilize a Deep Neural 

Network to learn parameters of parametric distribution from well-known probability distribution. 

This model learns complex relationships between patient’s covariates and produce individual’s 

survival curve. We discover that most of time-to-event data encounters highly imbalance in terms of 

duration (time to event occurrence). Therefore, we propose a novel loss function to tackle this 

issue. The experimental results demonstrate that our proposal achieves competitive performance 

compared to conventional methods in terms of C-index metric.   

 

1. Introduction  

Survival analysis (also called time-to-event 

analysis) is a field of statistics that widely 

used in advertisement [1], medical [2, 3] and 

industry [4]. Recently, leverage advance in deep 

learning and machine learning, researchers use 

neural network to explore and understand the 

relationships between individual’s covariates 

(e.g. staging, age, gender) to estimate 

probability of an event of interest until it 

occurs.  

Especially in medical field, survival analysis 

is applied to estimate risk to death event at 

each patient based on clinical data (or medical 

imaging data). Knowing patients have low or high 

risk to help outline road map for treatment at 

early stages. Imbalance data is also a challenge 

in machine learning field. We ideate a novel loss 

function to solve this problem. 

In this study, we propose a deep neural network 

learnt complex relationships between 

individual’s covariates and distributional 

representation of whole survival time in dataset. 

The output of model is two parameters (scale and 

shape) of a parametric distribution. Through the 

scale and shape parameters, we can generate 

individual’s survival probability curve which is 

1.0 (or 100% alive) at time zero and 

monotonically decrease to 0 over time.  

 

2. Related Work  

In this section, we review the use of 

conventional approaches. Survival analysis was 

firstly constructed and utilized by medical 



 
 

 

re

li

ha

ca

sc

sy

ut

wh

di

co

in

is

wa

Ho

co

 R

in

re

li

ti

th

pa

 

3.

esearchers 

fespans of 

as been fou

ancer patien

coring [7],

ystems [8]. 

The Kaplan

tilized in t

Figure

 

hich are abl

stributions

ovariates. 

ndividual’s

ssue, the Co

as introduc

owever, CPH 

ovariates du

Recently, D

ntroduced a

esearchers. 

mitations 

me is much

he meanwhil

arametric mo

 Distributi

and data 

a certain 

und in vari

nts [5], cu

, and fail

 

n-Meier est

the statist

e 1. The ov

le to learn 

s, but not 

Therefore, 

s survival 

ox proportio

ced to tak

has limita

ue to the us

DeepSurv [10

and attrac

However, 

with that 

h larger th

e, DeepSur

odel. 

ion Network 

2021 년도 한

analysts t

population

ious applic

ustomer chu

lure times 

imator met

ical and me

erall archi

flexible a

incorporat

it is ha

curve. T

onal hazard

ke patient’

tion in lea

se of const

0] and Dee

ted much 

Deephit 

its maximu

han number 

rv model i

 

한국멀티미디어학

to measure 

n. Nowadays

cations suc

urn [6], cr

of mechan

hod is fir

dical field

tecture. 

and complex 

ting patien

rd to gene

To tackle 

d (CPH) mode

s covaria

arning impac

ant factor.

epHit [11]

attention 

exists 

um of surv

of samples

s not a f

학회 춘계학술발

 

- 69 -

the 

s, it 

ch as 

redit 

nical 

rstly 

d, 

 

time 

nt’s 

erate 

this 

el [9] 
ates. 

ct of 

 

were 

from 

some 

vival 

s. In 

fully 

Para

Netw

 

3.1

info

cova

even

occu

or 

surv

 

3.2

The 

ind

X), 

mixt

cont

popu

is 

dist

usua

dist

used

pres

 

Wherܨሺ. ሻ
the ߚ  i

beyo

Th

cova

dens

each

 

3.3

As

inc

Ther

ana

appr

cens

발표대회 논문집

In this se

ametric Dis

work, depic

Survival Da

Survival 

ormation f

ariates, i

nt  

Figure 2. 

 

urrence), a

alive). F

vival data.

Distributio

aim of 

ividual’s 

which cou

ture of bot

tinuous pr

ular probab

the Weib

tribution i

ally known 

tribution s

d and set t

sented as f

          

          

          

re ݂ሺ. ሻ  is ሻ  is the cu
survival f

is the sca

ond the obs

he ߙ  and ߚ
ariates an

sity distri

h patient b

Objective f

s we afor

ludes non

refore, su

lysis) diff

roaches. I

sored data 

 제 24 권 1호 

ection, we 

stribution 

ted in Figu

ata 

data prov

for each 

i) duration

Some sample

and iii) typ

Figure 2 

on Network A

survival a

survival cu

uld be dis

th. In this

obabilistic

bilistic di

bull distr

s  

as a two-

ince the lo

o zero. The

ollows: 

 ݂ሺݐ, ,ߙ ሻߚ =
,ݐሺܨ   ,ߙ ሻߚ
 ܵሺݐ, ,ߙ ሻߚ =
the probab

umulative d

function, ߙ
le paramete

erved rangeߚ  parameter

nd further

bution and 

eyond the o

function 

ementioned 

n-censored 

urvival re

fers from 

It takes 

which usua

 

describe 

Estimation 

ure 1. 

vides thr

patient: 

n (time f

es of survi

pe of event

shows some

Architectur

analysis is

urve, S(∙|X

screte, con

s study, we

c distribut

istribution 

ribution. 

-parametric 

ocation par

e Weibull d= =ఈିଵ݁ିఉ௧ݐߙߚ 1 − ݁ିఉ௧ഀ = 1 − ,ݐሺܨ ,ߙ ߚ
bility dens

density funcߙ is the sha
er and ݐ  a
e. 

rs are lear

r generate

survival d

observed ran

that surv

and cen

egression 

convention

both non-

ally is see

our propos

based Neu

ee type 

i) obser

rom start 

val data. 

t (e.g., de

e samples 

e 

s to pred

X) = P(T > 

ntinuous or

 focus on 

tion. A v

for survi

The Weib

probabilis

rameter is 

istribution 

௧ഀ         
ሻߚ                   

sity functi

ction, ܵሺ. ሻ
ape paramet

are timepoi

nt from in

e probabil

istribution 

nge of time

vival data

nsored da

(or survi

al regress

-censored 

en as miss

al, 

ural 

of 

ved 

to 

 

ath 

of 

dict 

t| 

r a 

the 

very 

val 

ull 

tic 

not 

is 

 (1) 

 (2) 

 (3) 

on, 

 is 

er, 

nts 

nput 

ity 

of 

. 

aset 

ata. 

val 

ion 

and 

ing 



 
 

 

da

fo

th

Fi

 

  

  

Wh

no

da

mo

ca

su

ti

 

  

lo

bi

th

di

in

We

ba

in

ov

ܮ 
 
Wh

ce

re

pr

th

  

4.

ata. Herei

ormulation 

he survival 

 For no

maximiz

     lnPሺN
     									
     									
  

gure 3. a)

Prob

 For cen

with a lnPሺC
      											
 																						
           

here ࢨ is t
on-censored 

ata. 

To handle 

odule to en

an see in F

urvival ti

mepoint and

Therefore, 

oss functio

as on early

hat we fi

stribution 

nto 10 bins 

e classify 

ase on th

ntegrate a

verall loss 
ݏݏ݋ܮ  = ۽۰ۺ۳
here ݌௡  and
ensored pa

espectively.

resents the 

he combined 

 

 Experiment

a 

n, we ap

to approxi

duration d

on-censored 

e the ELBO N|દሻ = ln	ሺ∏										൒ ∑ ሺ|୒|୧ୀଵ										= ۽۰ۺ۳

) Distribut

bability den

nsored data

change to fC|દሻ = ln	ሺ∏|୧									൒ ∑ ሺ|୒|୧ୀଵ									= ۽۰ۺ۳
    

he weights 

data and 

imbalance 

nhance effe

Figure 3 (l

me mostly

d decreased 

it leads t

on at latt

y timepoint

rst calcul

of surviva

as illustr

which grou

heir survi

bove loss 

as follows:۽୒ሺદሻ ∗ ݁ଵି௣೙
d ݌௖  is pro
atients a

ߓ .  is the

effect of 

loss. 

tal result 

2021 년도 한

pply maxim

mate the d

istribution

data, w

loss as folPሺT = t୧|X|୒|୧ୀଵሺEሾlnPሺT = t୧۽୒ሺદሻ      

 

ion of sur

nsity of su

, we also 

fit with thPሺT ൐ t୧|Xେ|୧ୀଵሺEሾlnPሺT ൐ t୧۽େሺદሻ      
of model, 

C is the s

data, we p

ct of mino

eft), the 

y distribu

beyond fol

to less con

er timepoin

s. We come 

late proba

al duration 

rated in Fi

up the pati

ival time.

functions

: 

೙ ൅ ߓ	 ∗ ۽۰ۺ۳
obability d

and censo

e scalar co

loss of ce

한국멀티미디어학

mum likeli

distribution

n of the dat

we attempt

llows: X = x୧, દሻ  |X = x୧, દሿሻ 
           

rvival time

rvival time

apply ELBO

his type of X = x୧, દሻ  |X = x୧, દሿሻ 
          

N is the se
set of cens

propose a n

r group. A

distributio

ted as e

low-up time

ntribute to

nts and mo

up with an 

ability den

and then s

gure 3 (rig

ients belon

 Finally,

s to gene

େሺદሻ۽ ∗ ݁ଵି௣೎
density of 

red patie

oefficient 

ensored dat

b 

학회 춘계학술발

 

- 70 -

ihood 

n of 

taset.  

 to 

 

  (4) 

 

e, b) 

e. 

loss 

data. 

  (5) 

et of 

sored 

novel 

As we 

on of 

early 

e.  

o the 

ostly 

idea 

nsity 

split 

ght). 

ng to 

 we 

erate 

೎   (6) 
non-

ents, 

that 

ta to 

We

data

Univ

eva

meth

4.1 

Th

doct

non-

surv

such

Tabl

stag

smok

rep

data

with

fold

tra
 
4.2 

Al

fram

GPU

(FC)

cova

[12]

to 

opt

epoc

The 

samp

set 

chos

4.3 

  In

whic

C-in

metr

It 

has 

rank

ind

as f

발표대회 논문집

e conducted

aset coll

versity hos

luate and c

hods. 

Dataset 
his dataset

tors at CN

-small cell

vival time, 

h as histol

le 1. Compa

better). 

Mo

CoxPH

DeepS

DeepH

Our p

ge, N stag

king amount

laced by ID

a into two

h ratio of 

d cross-va

ining proce

Experiment

ll experim

mework and 

. In our m

) layers 

ariates. Af

] and ReLU 

non-linear 

imizer with

chs to opti

batch size

ples to cap

over every

sen from {0

Experiment

n this stu

ch achieve 

ndex metric

ric to eval

takes non-c

ability 

king of th

ividual’s 

follows: 

 제 24 권 1호 

d comprehen

lected fr

pital (CNUH

compare our

t was col

NUH. The da

 lung cance

death even

ogy, age, g

arison to p

odel 

H [5] 0.

Surv [6] 0.

Hit [7] 0.

proposal 0.

ge, T stag

. All patie

D number be

o sets (tra

80:20. In t

alidation 

ss.  

al settings

ments were 

trained on

odel, we ap

[100, 100]

ter each FC

[13] to nor

model. We

h a learni

imize all o

e is set to

ture distri

y iteration

.1, 0.3, 0.

al result 

dy, we imp

remarkable 

c [15]. C-i

uate perfor

censored and

to correct

he survival 

risk score.

 

nsive exper

rom Chonn

H), South K

r proposal 

lected and

ataset cons

er (NSCLC) 

nt and 8 inp

gender, over

prior metho

C-index 

7555 ± 2.4

7562 ± 9.1

7579 ± 1.7

7653 ± 1.6

ge, smokin

ents were a

efore analy

aining and 

training set

to evalua

s 
conducted

n the Gefor

pply two fu

] to lear

C layer, we 

rmalize and 

e utilize 

ing rate o

of weights 

o the numbe

ibution of w

n. The ߓ  c

5, 0.7, 1}.

plement exi

performanc

ndex is th

rmance of su

d censored 

tly provide

 duration 

 The C-inde

iments on 

nam Natio

Korea. We a

with exist

 verified 

sists of 2

patients w

put covaria

rall stage, 

ods (higher 

45e-4 

13e-4

73e-3

64e-3

g status 

anonymized 

ysis. We sp

testing s

t, we apply 

te model 

d in Pyto

ce RTX 208

ully-connec

rn the in

use BatchN

convert mo

RMSprop [

of 0.001, 

in our mod

er of train

whole train

coefficient 

. 

sting meth

ce in terms 

he most com

urvival mod

data. C-in

e a relia

based on 

ex is measu

the 

nal 

also 

ing 

by 

690 

with 

tes 

M  

is 

and 

and 

lit 

et) 

y 5-

in 

rch 

0ti 
ted 

nput 

orm 
del 

14] 

100 

del. 

ning 

ning 

is 

hods 

of 

mmon 

dels. 

ndex 

able 

the 

ured 



 
 

2021 년도 한국멀티미디어학회 춘계학술발표대회 논문집 제 24 권 1호  

 

 - 71 -

ܥ             − ݔ݁݀݊݅ = 	∑ ଵ೅೔ಬ೅ೕ	∗	ଵ೛೔ಬ೛ೕ∗௘೔೔,ೕ ∑ ଵ೅೔ಬ೅ೕ∗௘೔	೔,ೕ         (7) 

Where ௜ܶ, ௝ܶ, ݁௜ are survival time of patient i, j 
and event of interest of patient i, respectively. 
And ݌௜ ௝݌ ,  are survival probability of patient i 
and j, respectively. 
The comparison results are shown in Table 1. 

Our proposed method achieves the best performance 

in terms of C-index with 0.7653. In addition, all 

pairwise comparisons were statistically 

significant (p < 0.05).  

 

5. Conclusion  

Survival analysis is an import and necessary 

technique in medical field to help doctors 

outline risk of death and propose proper 

strategies for patients. In this study, we 

leverage development of machine learning methods 

to estimate individual’s survival curve. The 

study results demonstrated that our method can 

estimate survival curve more accurately than 

existing methods. Further, in order to obtain 

helpful features from CT and PET images, we will 

integrate all of them to boost performance. 
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