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Extended Cox Model for Breast Cancer Survival Data Using
Bayesian Approach: A Case Study

Rizald: Arsyad, Sri Astuti Thamrin” dan Andi Kresna Jaya

Department of Statistics. Faculty of Mathematics and Natural Sciences Hasanuddin
University, Makassar Indonesia, 90245

Abstract. Breast cancer (carsinoma mammac ) 15 one type of cancer that occurs due to abnormal breast
cell growth: Some of the factors that are thought to trigger breast cancer include the unhealthy
lifestyles The existence of these factors indicates that there 1s a correlation between breast cancer
and patient survival One of method tor analyzing survival data 1s Cox proportional hazard Cox
proportional hazard model imphies that cach covanate 1s proportional But mn reality there are often
cases where there 1s a disproportionate covanate n the sense that there 1s a relationship with the
tme called time dependent covanate In this case an extended of the Cox proportional hazard model
needs to be done Thercfore, the aim of this paper to determine the relationship between the breast
cancer patients  survival time and the factors that mfluence 1t using extended Cox model with
Baycsian approach. This methodology 1s apphied to breast cancer survival data from Universitas
Hasanuddin hospital in Makassar, Indonesia for the peniod 20052018 The result shows the factors
that substantially affect the breast cancer paticnts survival ime are mantal status, histology  and
leukocyte levels

1. Introduction
Cancer 1s the leading cause of death and disability worldwide, affecting more than 14 nulhion people each
year one type of cancer 1s breast cancer Every year there are 1 7 mullion breast cancer cases and 552,000
who die [1] There 1s 43 3% people suftering from breast cancer with a mortality rate of 12 9% Breast
cancer (carsinoma mammae) occurs because of abnormal breast cell growth In South Sulawesi breast
cancer cascs arc ranked first among many cancers suffered by women [2] Some of the f§ors that 1s trigger
breast cancer are mfluenced by five dietary behaviors and risks namely high growth mass index. lack of
frint and vegetable consumption, lack of physical activity, cigarette use and excessive alcohol consumption
This unhealthy behavior causes the nsk of cancer becoming high The existence of these factors mdicates
that there 1s a correlation between breast cancer and patient survival [3] Thereforc a method 1s needed to
see the relationship between survival time and the factors that influence 1t

Survival analysis 1s one method of analysis regarding the peniod of tm{from the obscrvation process to
the occurrence of an event by lookmg at other things that affect the event One of the objectives of survival
analysis 1s to sec the relationship between explanatory variables and survival ime One of method for
analyzing survival data is Cox regression that was introduced by Cox and Oakes (1972) {4] In this modcl
the accompanying variables were included in the model as independent variables and survival tume as non-
mdependent vanables [5] By applving the Cox regression model, 1t will be known the form of the
relationship between vanables where the form of the relationship represents the phenomenon underfudy
and can produce or hnk what 15 deswred with what 1s studied This regression model 1s also known as the
proportional hazard model because the proportional assumptions on the hazard function In general the Cox
regression model 1s faced with situations where the possibihty of individual fadure at a ime 15 influenced
by one or more explanatory varables [5]




-

The Cox proportional hazard model implies that cach covanate 1s proportional But in reality, there are
often cases where there 15 a disproportionate covanate, in the sense that there 1sa correfion with the time
rating, so that in this case the model needs to be expanded THextended Cox model 1s an extension of the
model of the Cox proportional hazard model which contains ime-dependent covariates or multiplications
of the covariates with functions over time

The approach that will be used in this paper 1s Bayesian In the Bayesian method population parameters
are seen as vanables that have an imtial distribution (jfffpr) Before drawing samples from a population,
information 1s sometimes obtarned about the parameters to be estimated This mformation 1s then combined
with information from samples to be used in esimating population parameters it scems that the Bayesian
method 1s more promising because there 1s additional information to infer population characteristigEZ}

There is some rescarch have been done that related to extended Cox Husain et al [6] estimated survival
time of breast cancer patients using extended Cox proportional hazard, Isik etal [7] chose the ime function
and the differences between time functions using extended Cox regression model Kurmawan et al [8] also
used extended Cox model to determine the durability of debtor f il on credit nsk Meanwhile, Saegusa
et al [9] considered to use extended Cox model for modelling the time varying treatment effect and score
test statistics  Therefore, based on these research review, this paper will model the effect of breast cancer
patients’ survival times based on the factor influenced using extended Cox model with Bayestan approach

2§Paterial and Methods

2 1 Data Source

The breast cancer data used in this study 1s taken at Universitas Hasanuddin Hospital in Makassar, Indonesia
from 2005-2018 The response variable of this study was the length of stay of patients unul they were
declared home erther n a state of improvement, rccovery, referral or even death Meanwhile the
mdependent varables were age, treatment, occupation, marital status, malignancy, hemoglobin level,
stadium histology leukocyte levels While the censoring mdicator 1s indexed based on survival status

Survival Analysis

Survival functidff (¢) 1s defined as the opportunity for an individual to survive with a survival ime up to
time 7, which 1s as follows

5(t) = P(E>t) 20
Survival function can also be ssed 1n the form of a density function in the following
S@)=P(T>6) = [ f(t)dt 0 22

Hazard function or also known as hazard rate expressed by h(t) Mathematically can be written as
follows

P(t<T<(t+A1)|T>t)

h(t) = lim ¥
r:(z) f® o
- , (2.3)
S(t)  S(t)

23 Cox Proporuonal Ha=@8{ Regression

ln general, the forms of the Cox proportional hazard model are as follows [10]

h{t,X) = ho(t) exp (B Xy + B2Xa+ + BiXy) 24)
where hq (t) 15 baseline hazard function By, f,, . By 1s regression parameter and X, . X,. . X, 15 the
mdependent vanables
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24 Weibull Distribution

The Weibull distribution 1s one of the continuous distributions n statistical probability theory because of 1ts
ability to approach several types of data distribution According to Walpole and Myers in Beren etal [11],
Weibull distribution can also be used on reliability 1ssues and hife time testing such as the time span until
the farlure offf component occurs or the durabiiity of a component 1s measured from a certam time to
damagc The probability density function of the Weibull distribution 1s wntten as

[t a.0) =% "exp{~ (%)} .t20a>006>0 (25)

Parameters a and @ determine the shape and scale of distnbution If 679 =y then the Weibull
distribution probability density function becomes
f(t a,8) = aut®lexp (—put%) (26)

25 Extended Cox
The extended Cox model 15 an extension of the model of the Cox proportionff§j hazard model mn equation
(24) which contains covariates that are time-dependent or multiply from the covanate with a function of
time The general f88m of the extended Cox model as
h@X(1) = ho(exp [E5., By X, + X}, 8,X,9,(0)] 27
If there 1s a p; covanate that meets thdffH assumption and there 15 p, that does not meet the PH
assumption then p, + p, then the following model 1s obtained as follows
h(t, X(£)) = ho(t)exp [)2.'1;1 BoXo + Epip, 1 B0 Xo + b2, 1 ébxbgb(t)] (28)
26  Parameter Estimation
2% Bavesian Approach
In estimation theory, there are two approaches, namely the classical statistical approach and the Bayesian
statistical approach The classical statistical approach rehies entirely on inference processes on data samples
taken from the population While the Bayesian approach, in addition to utihizing data samples taken from
the population also takes into account an imtial distribution called priors [12]

262 Likelthood Function
The hkelihood function 1s a jont density function f(xy, x5, , X, , ) ofrandomvariables X, X, X, For
exafifile there are n observations of X;, X5, , Xpwhich cach has a function of probability density f(x, 8),
the hikelthood function of a function of 8 which 1s denoted by L(8), namely L(8) = f(x,,x5, ,x,, 8),
namely

L(®) =TIz f(x., 0) 29

263 Prior Distribution
The main problem 1n the Bayesian method 1s the selection of the prior distnbution (@) for a parameter
The prior indicates uncertainty about the unknown parameter 8 Prior distributions are grouped mnto two
groups based on the shape of the likelihood function [13] as follows
1 Relating to the form of distribution of the resulis of 1dentification of the data pattem
a The distribution of the pnior conjugate (conjugate) refers to the reference model analysis especially
in the formation of its likelihood function so that in determining the prior conjugate it 1s always
thought about determmning the pattern which has a conjugate form with its hkelihood builder density
function
b The prior distribution 1s not a conjugate (non-conjugate). when giving priors to a model does not heed
the pattern forming the hkelthood function




2 Regarding the determmation of each parameter in the prior distribution pattern
a  Prior informative distnbution. referring to the giving of parameters from the prior distribution that
have been selected, either prior conjugate or non-conjugate distribution, giving parameter values to
the prior distribution will greatly influence the form of posterior distribution to be obtained from the
information data obtained
b The prior non-informative distribution. 1f the prior distnibution dff§ibution 1s not based on previous
information. 1f knowledge of priors 1s very weak priors can have normal distribution with zero mean
and large variance The impact of prior use with a zcro average 1s the estimated parameter smoothed
to zero But because this refinement is done by vanance, the smoothing can be reduced by increasing
the variance
264 Posterior Distribution

Postenor distribution 1s a conditional density function 8 if X observation value 1s known, can be written
0.x,
flol) =220 210)
If 6 1s continuous the prior and posterior distributions 8 can be expressedfff the density function The
conditional function of a random vanable 1f 1t 1s known that th@filuc of the second random vanable 1s a
function of density along with two random varifffies divided by the second random variable
The function of the shared density needed can be wnitten in the form of a prior distnbution and the
likelthood function 1s given as follows [14]
f(6,x) = f(8)f(x,.0) 211
where f(8) 1s the prior distribution and f (x,, 8) 1s the likelthood function Then margmnal function 1s known
as follows

f(x) = g (6)f (x..0)d6 @12)
The posterior density function for continuous random vanables can be written as
8
f(8lx) = b8 (213)

T T FO)f (x; 8)d6
Whereas for discrete random varnables, the posterior probability density function 1s given as follows

_ J@)1x0) -
fOlx) = g one L

3 Resuit

There are two methods that can be used to see whether a data follows the Weibull distribution, namely by
using a comparison plot log(t) and log(—(log)(S (t)) and Mann Test A data s called followng the
Weabull distribution if log (t) 1s linear with log (—log(5(t))) Lmeanty makes 1t possible to sce the
suitability of using the Weibull model through a plot
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Figure 1 Comparison plot log(t) and log(—log(5(t))




From Figure 1 1t can be seen that log(¢) and log (— log (5(t))) indicate a linear relationship this can
be seen with the red dots that spread around the Iinear line This shows that the data for patients with breast
cancer followed the Weibull distribution However, in terms of diagnosing the Weibull distribution using a
plot 1t 1s not an eftective because 1t contains a subjective view n looking at the plot. To ensure that, the
Weibull distribution data can be checked by using statistical procedures, namely the Mann Test The null
hypothesis (Ho) 1s represented that data 1s distributed Weibull and vice versa The value of M 1s -1 34 while
the | valuc of the table at the significance level @ = 005 withdf, = k) = 76 anddf, = k, = 7515 1 46
Because the value M = —1,34 < Fy 57675 = 1,46, 1t was decided that Hy was accepted It means that the
data used 1s fofwed by the Weibull distnibution

The fitting of the Cox proportional hazard model w§fficonducted to find out the relationship between
survival ime and vanables that affcct survival time The parameter estimates of the Cox proportional hazard
model are obtamned 1 Table 1

Table 1 Estimated parameters of the Cox proportional hazard model for breast cancer survival data from
Umversitas Hasanuddin hospital Makassar_Indonesia during the period 2015-2018

Coetficient Standard
Vanables : p-value
(8) Error

Age (X)) 0,0203 0.0080 00118
Treatment (X,) 01516 0,1002 0,1303
Occupation (X3) 0,1396 01962 04768
Mantal Status (X,) 0,3140 03572 03794
Mahgnancy (X5) 0,2325 0,1638 0,1554
Hemoglobin levels (Xg) -0,0488 01514 0,7476
Stadium (X) 00360 0.0897 0,6883
Histology (Xg) -0.2494 0.1618 0,1231
Leukocyte levels (Xg) -0.0704 0 1985 07226

Based on Table | the Cox proportional hazard model as follows
h(t,X) = ho(t)exp (00203 X, + 0,1516 X, + 0,1396X; + 0,3140 X, + 02325 X5 — 0,0488 X, +
0,0360 X; — 0,2494 Xz — 0,0704 X,

Table 2. The proportional hazard statistical test resuit for cach independent
varable f@™reast cancer survival data

Vanable Rho Chisq p-value
Age 00449 0,2264 06342
Treatment -0 0234 00939 0.7592
Occupation 00544 04561 0,4994
Marital status 00276 01079 0,7425
Malignancy 00825 11029 0.,2936
Hemoglobin level 00172 0.0435 0.8347
Stadium -0,0335 0,1772 0,6738
Histology -02229 93493 0,0022

Leukocyte level 02088 64235 00112




It can be seen that the explanatory vanables that influence the survival of breast cancer patients 1s age
Furthermore, checking the proportional assumptiff for each covanate 1s camied out In this paper, the
residual schoenfeld method 1s used to ¢xamne covanates that do not fulfill the proportional hazard
assumption for the life span of breast cancer patients

The results of checking the proportional hazard assumption with the schoenfeld residual approach are
given in Table 2 The p-value of histology and leukocyte level less than 0 05, which mean that there 1s the
corrclation between the covariate and the survival ume until the patient 1s declared cured Therefore the
hisfflogy and leukocyte levels do not meet the assumption of proportional hazard

The likelihood function for uncensored data 1s given as follows

L(t1X,.8) = (f(t,1X1, 8))" (f(t2X2. 820)  (F(tulXn 80)"™

=[oram.apy
i=1

The likehhood tunction for right censored data is as follows
1-y 1-y2 1-¥n
L(tJX,.8) = (S(talXy 8)) 7 (S(21X2.62)) 7 (S(talXna80))'
n

= | [

=1
Then the full likelthood function for the extended Cox model 1s as follows

n
L(tl Ixi' 61) = l—l(“tla_l(exp(ﬂlxli + BZXZI + + &)X?l + 68x81 + 59X9¢))Y'
i=1

exp(Bi Xy + BoXai + 4 PoXo, + 8gXg, + 89Xg,) t,”

The selection of the prior distnbution s related to the paramcters in the distribution pattem There are
two ways in determuning the prior distribution, namely the informative prior and the non-informative prior
Prior used in this study 1s informative prior for cach covariate which 1s followed by the normal distribution
that 1s (B~N(u 6%)) (6~N(u,a?)) and a has Gamma distribution. a~I'(1,1)

_ 1 (ﬁl i ﬂl)z =
fB) = U‘mexp( 202 ) (=12 9
_ 1 (6 - ﬂi)z) B
fé)= a,-\/—Z—Fexp( 202 450

1
fla) = T &P (=a)

Assuming g, = 0 and 0;°=100, the prior distribution 1s obtamned tor the parameters By, 8,5, ,Bo, 85, 0 as
follows

(/3)“--——l ex (-Ei)l—IZ 9
fB) =P\ "200)' = 1%

1 a:
f(6,) = mexp(——z—o—o> t=89

The pflerior distribution 1s expressed by a companson between the function of jomnt density and
marginal density function The jomt density function can be written in the torm of the hikehhood function




and prior distribution Margmal density function 1s written by integrating the shape of the likelthood function

and the prior distribution

fB.oaltX)=

A

SO0 0 [ AdadB, dB,  dB, dbg dB,

To get the appropriate paramcter estimation results 1t 1s necessary to check the convergence of each
parameter A review of the convergence of each parameter can be seen based on the diagnostic plot of the
results of cach parameter The density autocorrclation and history plots obtained for age are given in Figure
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Figure 2 Diagnostic plots for Age

Table 3 Summary of postenior estimated parameters breast cancer patients survival data
from Hasanuddin University Hospifg in Makassar dunng 2015-2018

Varable Mean 95% Credible Interval (CI)

Age -0,0123 (—=0.0350,0,0086)
Treatment 0,1811 (—0,1018,0,4392)
Occupation -0,2882 (-0,7617,0,2060)
Marital Status -12160 (—2,447,-0,1986)
Malignancy 0,0516 (—0,2999,0,3975)
Hemoglobn level -0,1946 (—0,6054,0,1938)
Stadium 0,0533 (—-0,1641,0,2692)
Histology 0,4660 (0,0969, 0.8250)
Histology g(t) -0,6536 (—0,8466,-0,4715)
Leukocyte level —-0,3433 (—0,8705, -0,3531)
Leukocyte level g(t) -0,1222 (—0,2301, -00228)
Form parameter (a) 09994 (—0,2301, -0.0228)




Figure 2 shows the history plot of each paranf§fffr do not perform a pattem or trend and 1t have stabilized
after running thc Markov Chain Monte Carlo (MCMC) algorithm with 150,000 iterations, discarding as
10.000 as bum-m a Besides that it can also be scen that the plot density for each covanate parameter has
been smooth which indicates that the parameterdave converged Moreover, the autocorrelation plot 1s
truncated only in the first lag and towards a value close to zero This shows that the sample obtamed 1n the
autocorrelation plot has less than 1 autocorrelation It means that the algonthm reaches convergence and the
sample 1s already in the target distribution and autocorrd:d

The posteror estimatcffummary for each parameter can be seen m Table 3 From Table 3, the vanables
that substantial effcct the survival time of patients with breast cancer arc marital status, histology histology
tume dependent leukocyte levels leukocyte levels time-dependent This can be seen from the credible
mtervals of each parameter These vanables do not contam zero in their credible intervals

In addition to the covariate, the posterior mean of shape parameter a for the Weibull distribution s
09994 with a credible interval (=0 2301, —0.0228) Because of the parameter a does not contain zero at
at a credible interval the parameter o has an influence on the model

Based on equation (2 8), the extended cox model 15 obtained as follows

h(t, X(t)) = 09994 ¢°97%% 1 exp(—1,2160 X, + 0,4660 Xy — 0,6536 Xp g(t) — 0,3433 X,
-0,1222 X, g(1))

From this extended model 1t can be seen that the marnage status covanate value has a hazard ratio of
exp (—1,2160) = 0296, mdicating the nsk of unmarried patients suffering from breast cancer by
0,296 times than married patients It can be said that married patients will recover faster than unmarried
patients For histological vanable has a hazard ratio of exp(0 4660 — 0.6536) = 0.829. indicating that
each histological increase will increase the nisk ot death by 0.829 times While ime-dependent leukocyte
level covariates have a hazard ratio of exp (—033433 — 01222) = 0628, indicating the nisk of patients
who have leukocyte levels < 4300 /ul has a death nsk of 0.628 umes than patients who has a leukocyte
level of 4300 /ul. 11300 /ul and > 11300 / ul. It means that patients who have leukocyte levels >

4300/ul will recover taster

4 Conclusion

In this paper the relationship between the breast cancer patients” survival time and the factors that influence
it have been determmed using extended Cox model with Bayesian approach. Based on the results of the
analysis andgscussion that has been conducted the breast cancer patients” survival imes model has been
constructed factors that affect substantially the patients survival imes of breast cancer in Universitas
Hasanuddim Hospital from 2005 to 2018 are mantal status histology histology depending on time
leukocyte levels and leukocyte levels are time dependent
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