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ORIGINAL RESEARCH I

Bayesian Frailty for Competing Risks
Survival Analysis in the Iranian Metastatic
Colorectal Patients

Iran’li Metastatik Kolorektal Kanser Hastalarinda
Yarigsan Riskler Yagsam Analizi icin
Bayesci Kirilganlik Modeli

ABSTRACT Objective: In the competing risks problem, wherein only the event due one cause is
observed, the cause-specific hazard rates are usually estimated by considering the independence
assumption on the competing causes. However, this assumption is too rigorous in the practical sit-
uations. This paper aimed to extend the results of Finkelstein and Esaulova (2008), in order to relax
the problem of independence assumption in the competing risks survival analysis with counting
process approach by exerting frailty term and in the Bayesian framework. Material and Methods:
The results were applied on Iranian metastatic colorectal cancer patients' data set. Several frailty dis-
tributions were tried. The survival probability and their 95 percent confidence interval were cal-
culated based on the best model and using 10000 MCMC samples after burning 1000 samples.
Results: The results showed better survival for the patients with rectal cancer than with colon can-
cer. Conclusion: These findings may be useful for many situations at which there is uncertainty
about or the independence assumption of failure times is not hold, such as competing risks, recur-
rent events and clustered data including modeling clustered survival data from multicenter clini-
cal trials, especially in the case of moderate to small sample size.

Key Words: Bayesian frailty, survival; competing risks; counting process; dependency;
metastatic colorectal cancer

OZET Amag: Sadece bir nedene bagh olayin gozlendigi yarisan riskler probleminde, neden-spesifik
hazard oranlar1 genellikle yarisan nedenler tizerindeki bagimsizlik varsayimi dikkate alinarak
tahmin edilmektedir. Ancak bu varsayim pratik uygulamalarda oldukga sert olmaktadir. Bu
¢aligmada, kirilganlik terimi ekleyerek sayma siireci yaklagimiyla, yarisan riskler yagsam analizindeki
ve Bayesci cergevede bagimsizlik varsayimi problemini gevsetmek icin, Finkelstein ve Esaulova
(2008)'nin sonuglarinin genisletilmesi amaclanmistir. Gereg ve Yontemler: Sonuglar, fran’ls
metastatik kanser hastalar1 veri setine uygulanmigtir. Cesitli kirilganhik dagilimlar: denenmistir.
Bin 6rneklem olusturduktan sonra 10000 MCMC 6rneklemi kullanarak en iyi model i¢in yagam
olasilig1 ve %95 giiven aralii hesaplanmigtir. Bulgular: Sonuglar, rektal kanserli hastalar i¢in yasam
olasiliginin kolon kanserli hastalardan daha iyi oldugunu gésterdi. Sonug: Bu bulgular, 6zelikle orta
ve kiigitk 6rneklem biiytikliiklerinde, yarisan riskler, tekrarlayan olaylar ve ¢ok merkezli klinik
denemelerden elde edilen kiimelenmis yasam verisinin modellendigi kiimelenmis veriler gibi, kayip
zamanlarinin bagimsizlig1 varsayimiyla ilgili belirsizlik oldugu ya da varsayimin saglanmadig
durumlarda kullanigh olabilir.

Anahtar Kelimeler: Bayesci kirilganlik, yagsam; yarisan riskler; sayma siireci; bagimlilik;
metastatik kolerektal kanser
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n various medical studies, the event of interest occurs by several possi-
ble causes. For example, in patients with colorectal cancer (CRC), the-
re are at least two ways a patient would die; death by colon cancer or
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death by rectal cancer. In the other word there is
two latent failure times (say T; and T5) which only
one of them i.e. the minimum failure time (X=min)
and an indicator of failure type can be observed.!
Therefore, in the competing risks problem, occur-
rence of the event by one cause prevents it by ot-
her cause(s) or makes it unobservable or

un-interpretable.?

Gail or Prentice et al. reviewed the history and
various techniques for analysis of survival data with
competing risks.>* In their paper, Tagdelen et al.
studied the survival analysis in the presence of
competing risks.> Although the choice of quantity
of interest should depend on the clinical question,®
but in many cases, the primary interest is the mar-
ginal survival probability or hazard rate of that la-
tent failure time. But, this is not identifiable
without exerting further assumptions on the cor-
relation structure of the failure times,” and usually
cause-specific survival or hazard for the cause of
interest is estimated by treating other failures as
censored. It is noteworthy that the cause-specific
hazard or survival is equal to the marginal one,
only when the assumption of the independent fai-
lure times is fulfilled.? However, this assumption
can’t be checked by data only.® In their paper, Fin-
kelstein and Esaulova introduced a way to overco-
me this problem.” The aim of this paper is to show
that how the results of Finkelstein and Esaulova,
can be extended to relax the problem of indepen-
dence assumption in the competing risks survival
analysis with counting process approach by exer-
ting frailty term as a random variable and introdu-
cing priors for this variable, in the Bayesian
framework.’

Bayesian approach is adopted to combine pri-
or information with information involved in the
data in the likelihood function.? Gasbarra and Ka-
ria studied the analysis of competing risks by Ba-
yesian smoothing approach.!® Arjas and Gasbarra,
made an inference from right censored survival da-
ta, using the Gibbs sampler in the context of non-
parametric Bayesian approach.!! In a study by
Hjort, nonparametric Bayesian estimators were in-
troduced based on beta processes in models for life
history.!”? Wang and Ghosh introduced a stage-wi-

68

BAYESIAN FRAILTY FOR COMPETING RISKS SURVIVAL ANALYSIS IN THE IRANIAN...

se noninformative prior elicitation strategy utilized
for absolutely continuous bivariate exponential dis-
tributions in Bayesian analysis of bivariate compe-
ting risks models."

The rest of the paper is set as following secti-
ons: in the second section of the paper the findings
of Finkelstein and Esaulova is introduced, the like-
lihood construction based on counting process ap-
proach of Andersen and Gill for survival times'
and considering gamma frailty is discussed in the
section 3, application of the results is illustrated in
section 4 on a colorectal cancer real data set and fi-
nally the conclusions are made in the section 5 of
this paper.

I MATERIAL AND METHODS
FINDINGS OF FINKELSTEIN AND ESAULOVA

Finkelstein and Esaulova, in addressing the problem
of bivariate frailty competing risks model showed
that: by assuming that the risks are dependent via a
bivariate frailty (U;, U,), when the components of
the system are independent conditional on inde-
pendent U; and Us, then the mixture failure rate of
the system can be constructed by the sum of mixtu-
re failure rate of individual components, so that:

by b
e @ = [ ], e ottt e g [ ) (1)
by b
= J.az L] [yt uy) + byt u,)lr, 1‘1‘)772(” 2‘t)duldu2

= [[ Uy, [, + [y ) )
= Dy () 1y 5(0)

Therefore, if the frailty terms U; and U, are
considered independent and T; and T, are conditi-
onally on U; and U, are independent, the joint ha-
zard function of two competing events can be
estimated by a sum of two individual hazards con-
ditioned on U;=u; and U,=u,.’

One of the most important problems encoun-
tering within the competing risks analysis is the in-
dependence assumption of the survival times. In
the classical analysis, the crude or cause-specific
hazard ratios are usually estimated based on this as-
sumption. Since the assumption can’t be checked
by data, the analyses are performed by ignoring this
assumption and this produces the biased estimati-
ons.? The findings of Finkelstein and Esaulova, ma-
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ke a clue to overcome this problem by adding a fra-
ilty term in the model, afterwards survival times
would be independent. In the other words, this co-
uld make an adjustment to the model. In the next
section, we further use this idea to model compe-
ting risks by including frailty terms in the model
and considering priors for these random variables
and the problem would be addressed in the Baye-
sian survival framework. .

LIKELIHOOD CONSTRUCTION BASED ON
COUNTING PROCESS AND INDEPENDENT FRAILTIES

Based on the results of the previous section, for
computing the hazard function of the system
(which in this paper is considered as two variables,
without losing the generalizability), it is sufficient
to compute the conditional hazard function of each
cause of failure separately given the frailty compo-
nents for each cause. Therefore in this section the
likelihood is constructed for the data by exerting
frailty random variables into the likelihood func-
tion, suitable priors considered for the variables,
hazard function and finally the parameters of inte-
rest i.e. survival probabilities and their Standard Er-
ror (SE) are estimated.

Several authors have discussed Bayesian infe-
rence for censored survival data where the integ-
rated baseline hazard function is to be estimated
non-parametrically. Kalbfleisch, Kalbfleisch and
Prentice, Clayton and Clayton, formulates the Cox
model using the counting process notation intro-
duced by Andersen and Gill and discusses estima-
tion of the baseline hazard and regression
parameters using Markov Chain Monte Carlo
(MCMC) methods.">*8 This approach forms the ba-
sis for extensions to random effect (frailty) models
in our multiple events problem.

For subjects i = 1,...,n, the processes Ni(t) are
observed which count the number of failures oc-
curred up to time t. The corresponding intensity
process li(t) is given by

1, (t)dt =E@N, (1) Ft-) 2

Where dNi(t) is the increment of Ni over the
small time interval [t, t+dt), and Ft- represents
the available data just before time t. If subject i is
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observed to fail during this time interval, dNi(t)
will take the value 1; otherwise dNi(t) = 0. Hence
E@N (¢ )|Ft —) corresponds to the probability of
subject i failing in the interval [t, t+dt). As dt O (as-
suming time to be continuous) then this probability
becomes the instantaneous hazard at time t for sub-
ject i. This is assumed to have the proportional ha-
zards form

L) =Y, Ohy()expX ) ®)

Where Yi(t) is an observed process taking the
value 1 or 0 according to whether or not subject i
is observed at time t and  /,(¢)exp(X,f) is the
familiar Cox regression model. Thus we have ob-
served data D = Ni(t), Yi(t), zi i=1,..., n) and
1267

which the latter to be estimated non-parametri-

unknown parameters B and H,() =

cally.
The joint posterior distribution for the above
model is defined by
P[H,(@),5|D] PID|H,@),fIPIFIPIH,®)]  (4)

It is needed to specify the form of the likeli-
hood P(B) P(H (¢)) and prior distributions for B
and H (t) . Under non-informative censoring, the
likelihood of the data is proportional to

n

LTI T2 @M 1explz, (e )de] )

i=l >0

This is essentially as if the counting process
which increments dNi(t) in the time interval [t,
t+dt) are independent Poisson random variables
with means Ti(t)dt:

dNi(t) ~ Poisson(li(t)dt) (6)
and it can be written as

I @)dt =Y, (t)exp(X , f)dH ,(¢) )

Where dH(t)=hy(t)dt isthe increment or
jump in the integrated baseline hazard function oc-

curring during the time interval [t, t+dt). Since the
conjugate prior for the Poisson mean is the gamma
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distribution, it would be convenient if H,(t) we-
re a process in which the increments dH () are
distributed according to gamma distributions. We
assume the conjugate independent increments pri-
or suggested by Kalbfleisch, namely

dH(t)~Gamma(c dH*((t),c) (8)

Here, dH(t) can be considered as a prior guess
at the unknown hazard function, with c represen-
ting the degree of confidence in this guess. Small
values of ¢ correspond to weak prior beliefs. In the
example below, we set dH(t)=rdt where r isa
guess at the failure rate per unit time, and dt is the
size of the time interval.

After inserting frailty term we would have:

n

H [H I,t)N " lexpll, (¢ )dt 1™ ©

i=l 20

Several distributions such as Lognormal, Log
Logistic, Gamma and Weibull may be used as fra-
ilty distribution. The distributions for this term we-
re used so that they provide the mean equal to 1
and a variance which should be estimated via mo-
deling.

PATIENTS

Data were acquired from cancer registry center of
Research Center of Gastroenterology and Liver Di-
sease (RCGLD), Shahid Beheshti Medical Univer-
sity, Tehran, Iran. All patients with metastatic CRC
diagnosis according to the pathology report of can-
cer registry were eligible for this study. Based on
this criterion, a total of 94 patients (67 (71.3%) with
colon cancer, 27 (28.7%) with rectal cancer were
included in the study. The follow up time was de-
fined as 1 January 2002 (as the date of diagnosis) up
to the 1 October 2007 as the time of the death from
the disease (as the exact failure time) or survival (as
the censoring time). Deaths were confirmed thro-
ugh the telephonic contact to relatives of patients.
Metastatic patients were chosen according to the
spread of tumor to distant surfaces or organs (M-
stage) of American Joint Committee on Cancer
(AJCC) TNM (Tumor, Node, and Metastasis) stag-
ing criterion. Based on the site topography of can-
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cer, the colon and rectal were separated to define
the sites of the cancer. This research was conduc-
ted in accordance with the principles set forth in
the Helsinki Declaration 2008 (available at:
http://www.wma.net/en/30publications/10polici-
es/b3/index.html).

In this data set, colon and rectal cancers were
considered as the competing events of death, whe-
rein the death from colon (rectal) cancer prevent
the death from the other cause to be observed.

I RESULTS

In this section, the results of two last sections are
evaluated by a real data set. In the analysis, the ha-
zard of the colon and rectal cancers was separately
computed by Lognormal, Log Logistic, Gamma and
Weibull distributions for frailty terms. Deviance In-
formation Criterion (DIC) was computed as a mea-
sure of model selection among the distribution
mentioned above; models with smaller DIC would
be preferred to the models with larger DIC."*? The
results showed that there were not considerable dif-
ferences among the values of DIC for these distri-
butions for colon and rectal cancer data (Table 1).

Therefore, other analyses were followed by
Gamma frailty model which has been proved to be
a robust choice for frailty distribution in practical
situations.?!

Analyses were performed by WINBUGS 1.4
software (available free at: http://www.mrc-
bsu.cam.ac.uk/bugs/winbugs). In each set of analy-
ses, a total of 11000 MCMC samples were drawn
and the quantities of interest were estimated based
on 10000 of them after burning 1000 samples. The
convergence of the samples to the parameter value
was monitored by history plots which plot the sam-
pled parameter versus iteration number in a sequ-
ences of chains. Since they result approximately the
same value, the convergence of the samples was

TABLE 1: The values of DIC for various selections of
frailty distributions.

Frailty Distribution Lognormal Log Logistic ~Gamma  Weibull
Colon 437.634 436.545 437.634  433.116
Rectum 195.900 195.771 196.126  195.106

Turkiye Klinikleri J Biostat 2010;2(2)
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confirmed for each of quantities estimated. In addi-
tion, the Monte Carlo (MC) Error for each parame-
ter was computed. As a rule of thumb, the
simulation should be run until the Monte Carlo er-
ror for each parameter of interest is less than about
5% of the sample standard deviation.

Subsequently the parameter of the frailty term,
survival probabilities and their 95% confidence in-
tervals were computed based on these 10000 samp-
les. Based on square error and absolute error loss
functions, the mean and median of the samples are
the estimate of the parameters respectively.! In pa-
tients with colon cancer, the survival probability
declines from 0.989 to 0.437 (Table 2). The MC er-
ror for all parameter estimates is far less than 5% of
the sample standard deviation, which is a confir-
mation of the model convergence. Also, in patients
with rectal cancer, the survival probability declines
from 0.989 to 0.702 (Table 3). The MC error for all
parameter estimates is far less than 5% of the sam-
ple standard deviation, which in this case is a con-
firmation of the model convergence, too.

The survival of the patients with colon cancer
decrease to about 0.44 after 64 months and conti-
nued in this value until the end of study (Figure 1).
In the other hand, the survival of the patients with
rectal cancer decrease to approximately 0.7 after
about 64 months and continued in this value until
the end of study (Figure 2). In these figures it can be
seen that approximate one and two year survival of
the patients with colon cancer were 0.813 and 0.658
respectively. In the other hand, these approximate
probabilities were 0.898 and 0.833 respectively.
Therefore, the survival of patients with rectal can-
cer is better than that of patients with colon cancer.

I DISCUSSION AND CONCLUSION

In this paper, the results of Finkelstein and Esaulo-
va, were extended to relax the problem of inde-
pendence assumption in the competing risks
survival analysis with counting process approach
by exerting several frailty terms as random variab-
les, finally choosing Gamma distribution for this
quantity and introducing Gamma prior for this va-
riable, and then the posterior survival probabiliti-
es were computed in the Bayesian survival

Turkiye Klinikleri J Biostat 2010;2(2)
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TABLE 2: Posterior estimation of survival parameters
for colon cancer.
Parameter Mean Median L U SD  MC error
S[1] 0.989 0993 00960 1.000 0.011 9.07E-05
S[2] 0978 0982 0941 0997 0015 1.63E-04
S[3] 0.967 0970 0923 0.993 0.019 2.04E-04
S[4] 0956 0959 0.906 0.988 0.021 2.13E-04
S[5] 0.944 0947 0889 0.982 0024 2.31E-04
S[6] 0933 0936 0872 0975 0.026 2.45E-04
S[7] 0.921 0924 0857 0967 0029 2.58E-04
S[8] 0909 0913 0840 0959 0.031 2.67E-04
S[9] 0.898  0.901 0.826 0.952 0032 2.62E-04
S[10] 0886  0.889 0.811 0943 0034 2.82E-04
S[11] 0.874  0.877 0795 0.935 0.036 3.04E-04
S[12] 0862 0.865 0782 0.927 0.037 3.06E-04
S[13] 0.850  0.853 0.767 0.917 0.039 3.04E-04
S[14] 0838  0.841 0754 0.907 0.040 3.35E-04
S[15] 0.826  0.828 0.741 0.898 0.041 3.55E-04
S[16] 0813 0815 0726 0.886 0042 3.77E-04
S[17] 0.800  0.802 0.709 0.877 0.044 3.86E-04
(18] 0786 0789 0.693 0.867 0.045 4.12E-04
S[19] 0773 0775 0675 0856 0046 4.12E-04
S[20] 0759 0761 0.660 0.845 0.047 4.27E-04
S[21] 0745 0747 0646 0.833 0.048 4.47E-04
S[22] 0731 0733 0631 0821 0049 4.50E-04
S[23] 0717 0719 0613 0811 0050 4.68E-04
S[24] 0703 0705 0597 0798 0.052 4.87E-04
S[25] 0.688  0.690 0581 0786 0.052 5.12E-04
S[26] 0673 0675 0564 0774 0.053 5.15E-04
S[27] 0658  0.660 0547 0762 0.054 5.17E-04
S[28] 0643 0644 0532 0747 0055 5.23E-04
S[29] 0.627  0.628 0515 0731 0056 5.41E-04
S[30] 0607 0609 0492 0715 0.057 5.37E-04
S[31] 0.587 0589 0.469 0.698 0.059 5.68E-04
S[32] 0566 0568 0446 0.680 0.060 5.89E-04
S[33] 0544 0546 0422 0661 0061 6.17E-04
S[34] 0522 0523 0398 0.641 0063 6.20E-04
S[35] 0486  0.487 0352 0.613 0067 6.71E-04
S[36] 0437 0440 0283 0577 0074 7.00E-04
beta 1226 0929 0112 4036 1044 352E-02

L: 95% Confidence Interval (Cl) Lower Bound, U: 95% CI Upper Bound,
SD: Standard Deviation, MC: Monte Carlo

framework. The results were applied on Iranian
metastatic colorectal cancer patients’ real data set.

Based on our findings, overall survival of the
metastatic patients with rectal cancer was better
than those of colon cancer. This shows the better
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TABLE 3: Posterior estimation of survival parameters
for rectal cancer.
Parameter Mean Median L U SD  MC error
S[1] 0.989 0992 0959 1.000 0.011 1.14E-04
S[2] 0978 0981 0939 0997 0015 1.63E-04
S[3] 0.966  0.969 0919 0993 0019 2.13E-04
S[4] 0953 0957 0900 0.987 0.023 2.39E-04
S[5] 0.940 0943 0.880 0.980 0.026 2.84E-04
S[6] 0927 0930 0861 0973 0.029 3.10E-04
{7 0.913 0916 0843 0.964 0.031 3.42E-04
3[8] 0898 0902 0825 0955 0.034 3.64E-04
S[9] 0.883  0.887 0.805 0.944 0.036 3.99E-04
S[10] 0868  0.871 0783 0.934 0.039 4.35E-04
S[11] 0.851  0.853 0.762 0.922 0.041 4.57E-04
S[12] 0833 0.836 0739 0910 0044 5.11E-04
S[13] 0815  0.818 0717 0898 0.047 5.64E-04
S[14] 0795 0798 0.690 0.883 0.050 5.66E-04
S[15] 0.774 0777 0662 0.867 0.053 6.16E-04
S[16] 0702 0711 0519 0832 0081 9.05E-04
beta 1.665 0575 0.001 9.658 2.762 5.29E-02

L: 95% Confidence Interval (Cl) Lower Bound, U: 95% CI Upper Bound,
SD: Standard Deviation, MC: Monte Carlo
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FIGURE 1: Survival curve (cross line) and its 95% confidence interval
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FIGURE 2: Survival curve (cross line) and its 95% confidence interval
(dashed line) for patients with rectal cancer.
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overall condition of the patients with rectal cancer.
Other studies confirm this result in the general pa-
tients t0o,”*2* But other studies showed the rever-
se results.”? In addition, there are some arguments
t00.334 So, there are differences in survival betwe-
en two sub-sites of colo-rectum and this can rec-
ommend further specific study of colon and rectum
and possibly their prognostic factors.

In the line with our study, in a paper by Hai-
dinger et al, the one and five year survival of Male
patients with colon cancer, was not statistically dif-
ferent from that of patients with rectal cancer but
higher survival, tough not statistically significant,
was observed in Female patients with rectal cancer.®

When the independence assumption does not
hold, this not only affect the variance of the para-
meter estimates but also it affects the parameter va-
lue itself*3¢ and this make some deviance (bias) in
the value of hazard ratios (survival probabilities)
form their real estimates, hence some incorrect or
deviant interpretations might have been made in
biological context. By inserting frailty component,
both the parameter estimates and their SE’s have
been adjusted for model misspecifications on both
aspects of accuracy and precision.

In our paper, similar to other studies,”” Gamma
distribution has been used for frailty variable, sin-
ce simulation results showed that the biases are ge-
nerally 10% and lower, even when the true frailty
distribution deviates substantially from the assu-
med Gamma distribution. This suggests that the
Gamma frailty model can be a suitable practical
choice in real data analyses if the regression para-
meters and marginal hazard function is of primary
interest and individuals are exchangeable with re-
spect to their dependencies.?!

However, the variance parameter of this dis-
tribution had high variation. We think that the
possible reason for this problem is due to the ske-
wed distribution of the variance parameter i.e. be-
ta (this is a variance parameter and its sampling
distribution is right skewed). Since this is the natu-
re of the distribution for variance parameter, high
values of SDs are unavoidable.

Our guess to slightly improve the precision of
the parameter went among the distributions of the

Turkiye Klinikleri J Biostat 2010;2(2)



BAYESIAN FRAILTY FOR COMPETING RISKS SURVIVAL ANALYSIS IN THE IRANIAN...

frailty terms and their priors. Therefore, by choo-
sing various values for the parameters of priors and
in addition by choosing various distributions for
frailty terms, finally we found that, the Weibull
distribution for frailty term with parameters 1 and
beta respectively and by choosing exp(1) as prior
distribution, the best value of SD would be resulted
for beta. However, there weren’t suggestive diffe-
rences between the parameter estimates of the sur-
vival functions in the Weibull and Gamma model
presented in the paper.

In this study, Gamma distribution was used as
prior, other priors are also recommended.*® In ad-
dition it is suggested to include the effect of the

Mohamad ASGHARI JAFARABADI et al

The finding of the paper may be useful for
many situations at which there is uncertainty abo-
ut or the independence assumption of failure times
is not hold, such as competing risks problem with
more than two causes of failure, recurrent events®
and clustered data® such as modeling clustered sur-
vival data from multicenter clinical trials.*’
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