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ORIGINAL RESEARCH I

Impact of Non-Random Right Censoring
on Kaplan Meier Estimates and
Log-Rank Test Results: A Simulation Study

Rasgele Olmayan Sagdan Sansiirlii Gozlemlerin
Kaplan Meier Tahminleri ve Log-Rank Test
Sonuglarina Etkisi: Bir Simulasyon Calismasi

ABSTRACT Kaplan Meier method is one of the oldest and popular method to estimate the survival
function from life-time data. And Log-rank test is used to compare Kaplan Meier curves to evaluate
whether or not two or more groups are statistically equivalent. In survival analysis it is assumed that
censored observations are randomly distributed in data and don’t have any pattern. But in real life
this isn’t the case always. In medical studies because of dissatisfactory/ inefficient therapy, remed-
ication, negative news about remedy or interventions and high risk of hospital infection most of the
right censoring can occur within very short time interval. In the absence of censoring randomiza-
tion Kaplan Meier estimations and Log-rank test, which are the most commonly used test, results may
be biased due to the unbalanced pattern of the censored observations. But there is no study to show
the effect of the censored observation pattern on estimation and comparison of the survival curves.
In this study we aimed to show statistical properties and performance of Kaplan Meier estimates and
Log-rank test under violation of random censoring assumption. A simulation performed to show im-
pact of non-random right censoring on Kaplan Meier estimates and Log-rank test results. Our sim-
ulations cover 3 distributions, 4 levels of censoring, and two samples size for Kaplan Meier and
Log-rank test. In the all simulated data the pattern of the censored data were changed and compared
to data including random censoring. As a result of our simulations, we found location pattern of
right censored observation in data set has no significant effect on Kaplan Meier estimate. There were
two main points which have effect on Kaplan Meier estimates were sample size and censoring rate.
‘When comparing the curves nonrandom censoring resulted in inflation of Type I error.

Key Words: Kaplan-Meiers Estimator, Logrank test, right censored data, censoring pattern

OZET Kaplan Meier yontemi ve Log-rank testi ile survival analizlerinde yasam egrilerinin
tahmininde ve egrilerin karsilastirilmasinda en yaygin olarak kullanilan yontemlerdir. Hayatta
kalma analizlerinde sansiirlii gozlemlerin rasgele olarak dagildigi ve i¢inde herhangi bir yap:
barindirmadig: varsayilir. Fakat bu onsartin klinik ¢alismlarda her zaman kargilanmas: miimkiin
degildir. Klinik ¢aligmalarda bir tedavinin tatmin edici olmamasi, yeni bir ila¢ kullanim, bir tedavi
yontemi hakkindaki negatif haberlerin yayilmas: nedeni ile kisa bir zaman aralig1 i¢inde bir ¢ok
sansiirlii gozlemin olugmas1 miimkiindiir. Sansiirlii gézlemlerin bu dengesiz dagilimi ve énsartin
ihlalinden Kaplan Meier tahminlerinin ve Logrank test sonuglar: etkilenecegi beklenmesine karsin
sansiirlii gézlemlerin yapisinin ve olugsma zamaninin yasam egrilerinin tahminine ve Logrank test
sonuglarina nasil bir etkisi olacagina dair literatiirde yapilmis bir ¢aligmaya rastlanmamaktadir. Bu
galismada rasgele sansiir varsayiminin ihlali durumunda Kaplan meier ve Logrank yontemlerinin
istatistiksel 6zellikleri ve performans: gosterilmesi amact ile bir simiilasyon galigmas: diizenlenmistir.
Simiilasyon ¢alismamizda 3 farkl istatistiksel dagilim, 4 farkli sanstirli gozlem diizeyi ve 2 farkh
6rnek genisligi kullanilmistir. Tiim veri setlerinde sansiirlii gézlemlerin yerleri degistirilmis ve ayn1
miktarda rasgele sansiirlii gozlem igeren veri setleri ile karsilastirilmistir. Sonug olarak sagdan
sansiirlii gézlemlerin yerlesim yerinin Kaplan Meier tahminlerinin iizerine istatistiksel olarak
anlamli bir etkisinin olmadigy, fakat 6rnek genisliginden ve sansiirli gozlemlerin yerlesim yerinden
etkilendigi ortaya konmustur. Rasgele sansiirlii gozlem igeren veri ile rasgele olmayan sansiirlii yap1
Logrank testi ile karsilagtirildiginda Tip I hatanin sisdigi gozlenmistir.

Anahtar Kelimeler: Kaplan-meier tahmincisi; logrank testi, sagdan sansiirlii veri,
sansiirlii gézlemleri yerlesimi
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urvival analysis is a collection of statistical

procedures for data analysis for which the

outcome variable of interest is time until an
event occurs.! Survival analysis has its own termi-
nology. In survival analysis the event, can be de-
ath, disease incidence, relapse from remission,
recovery, discharge from hospital or any event of
interest that may happen to an individual.? The ti-
me can refer to years, months, weeks, or days from
the beginning of follow-up of an individual until
an event occurs or age of an individual when an
event occurs.?

Sometimes patients who join the study are still
alive at the terminating of the study or patient can
withdraw from the study by his desire (adverse drug
reaction, dissatisfaction of remedy), patient can die
because of the other reason (competing risk) or pa-
tient can move during the study. It is not possible to
observe these patients any more. Data for which the
survival time cannot be always evaluated because of
the all above mentioned reasons are called “censored
data”.* Because of censored observations, to analyse
survival data special methods are used.

Kaplan Meier estimate is proposed by Kaplan
E.L., and Meier P. to estimate survival function of
life times in consider of censored observations. Ka-
plan Meier estimate is proposed by Kaplan E.L., and
Meier P. to estimate survival function of life times
in consider of censored observations.® The Kap-
lan-Meier estimator estimates the survival function
from life-time data,

Y is a survival time, C is a censoring time,
Let, (¥,C), (¥,,C,),....,(¥,,C,) independent and

identically distributed random variables, where Y
and C take values in R, R, respectively .

Set Z, = min{Y;,C[}
indicator respectively for all i=1,2,....... 0.

,6,=1}y ¢y is the censoring

Let, Z are ordered distinct times, if Z, <¢,, survi-
val time of in this i. point can be estimated by Ka-
plan Meier estimation.

5(0)= (n-)

. Sl

Zij-r iz (M -1+1) t
Hazard rate represents the risk that an indivi-
dual fails immediately after time t given survival at
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time t. Hazard rates can be calculated by the help
of the hazard functions and we can achieve the sur-
vival function through the hazard function.?

H(t) = j.h(u)du = —logS(?)

Kaplan Meier method is one of the oldest and
popular method to estimate the survival function
from life-time data. And Log-rank test is used to
compare Kaplan Meier curves to evaluate whether
or not two or more groups are statistically equiva-
lent.” Both of the methods have the same way of
handling censored observations; if a survival time is
censored, that individual is considered to be at risk
of dying in the week of the censoring but not in
subsequent weeks.

Although these methods have the considerab-
le advantage that these methods do not require
anything about the shape of the survival curve or
the distribution of survival times and both methods
are called non-parametric, they have several as-
sumptions about both complete and incomplete da-
ta.® To apply Kaplan Meier and Log-rank methods,
it is assumed that subjects are driven from popula-
tion of interest randomly, survival times are inde-
pendent and identically disturb, censored and
uncensored observations come from the same sur-
vival distribution and distributions of censoring ti-
mes are independent of the survival times.”®
Important assumption about censoring is non-in-
formative which means that the absence of com-
peting risks and subjects have the same values for
covariate predictors.’ The Log-rank test is based on
the same assumptions as the Kaplan Meier survival
curve.

The violations of these assumptions may have
effect on the analysis survival data and results in in-
correct or biased and unreliable estimates. In parti-
cular, censoring pattern of the data may increase the
effect of assumption violations. In medical studies
because of dissatisfactory or inefficient therapy, re-
medication, negative news about remedy or inter-
ventions and high risk of hospital infection most of
the right censoring can occur within very short ti-
me interval.!'® Deviations from random censoring
assumption matter most censoring pattern are diffe-
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rent in the groups being compared. For example In
a study two drugs effects on pain relief after surgery
is compared and patients pain is persist so remedi-
cation is necessary.!? If the times to remedication
are earlier for treatment 1 than for treatment 2 non-
random censoring is violet. Does censoring time af-
fect comparison results is a very important problem
question here. Another practical example for non-
random censoring is that parents are very sensitive
about their babies care. When any suspected infec-
tion breaks out in new born unit of a hospital, many
families change their hospital because of infection
risk. So these patients are censored in the same pe-
riod. The comparison of two hospitals average time
of discharge in neonatal intensive care unit may be
biased due to the presence of non-random censored
observations.

Although it is known that increasing of censo-
red observations proportions in the data makes the
Kaplan Meier estimates worse, and there are many

11-13 ywhich show

simulation studies in the literature,
effect on censored data and Kaplan Meier estimates
and Logrank test, there is no study to show effect of
censored observations pattern on Kaplan Meier es-
timation and Logrank test result. In this study we
aimed to show statistical properties and performan-
ce of Kaplan Meier estimates and Log-rank test un-

der violation of random censoring assumption.

I SIMULATION STUDY

In the simulation part, to be able to compare our
simulation results the distributions defined in the
article Hess et al' is used. We simulated data from

IMPACT OF NON-RANDOM RIGHT CENSORING ON KAPLAN MEIER ESTIMATES AND LOG-RANK TEST RESULTS...

3 different distributions; survival functions derived
from constant(exponential), linear increasing and
linear decreasing hazard functions including censo-
red observations with uniform distributions and
censoring located at three different parts of the da-
ta with two sample sizes (n=100, n=250) for Kap-
lan Meier and Log-rank test. Our simulations cover
four proportions of random censoring: 20 percent;
30 percent, 40 percent and 50 percent. Survival
functions and parameters used in the simulations
are given in the (Table 1).

In (Figure 1), an example of the simulated da-
ta used in Kaplan Meier estimates is given for con-
stant hazard rate. Censored cases are showed with
“C” and uncensored (observed) cases are with “O”.
For the distribution, we fixed censored data rate at
20%. And locations of the censored observations
were moved from left to right in the data sets
which are called random, I., II. and III. Interval, re-
spectively.

We applied Kaplan Meier estimation for these
four data sets and real survival and estimated sur-
vival functions are compared with same approach
96 different data are simulated. For Kaplan Meier
estimates L, errors were calculated to evaluate the
differences between real density and the estimated
functions. A total of 1000 independent samples we-
re simulated for each experiment.

_ 2
L 1)
n
In the case of many censored observations lar-
ger than the largest observed failure time, Kaplan

TABLE 1: Survival functions and parameters used in the simulation.

S@

SUr) = expl(—4,7)

Constant Hazard

o . — Ayt’
Linear increasing S@) = eXp(w)

v

S = eapd - A 07 ! 1

Linear decreasing a0

n=100 n=250
A, = 00256 i, = 0.0357
A, =0.0568 A, =0.0794
Ay = G ] -1‘:, = [R50
S(t=90)=0.1 S(t = 90) = 0.04
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FIGURE 1: Pattern of the censored observations for constant hazard n=100, censoring rate=0.20.
Meier estimator is biased.!® To avoid this bias in our I
CONCLUSION

simulation study the last observation was always
observed observation.

In the Log-rank simulation part random cen-
soring is compared versus nonrandom censoring
according to Type I error rates. Functions used in
Kaplan Meier estimates are used to validate the dis-
tributions. In this case for each experiment 5000
independent samples were simulated and compa-
red with Logrank test. Simulation programs were
implemented in R language.

Impact of non-random right censoring on Kaplan
Meier estimates and Log-rank test results are
shown with a detailed simulation study. The results
of the simulation studies for Kaplan Meier estima-
tes for N=100 and for N=250 are shown in (Figure
2) and (Figure 3) respectively. When we look at
(Figure 2) and (Figure 3), we see Kaplan Meier es-
timate works well for all situations. Compared to
random censoring, nonrandom censoring resulted
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FIGURE 2: Simulation results for N=100 in terms of a L, (plotted as log (L,x10°) for four different censoring locations and with four levels of censoring; 20 per-

cent, 30 percent, 40 percent, 50 percent.
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FIGURE 3: Simulation results for N=250 in terms of a L, (plotted as log (Lox108) for four different censoring locations and with four levels of censoring; 20 per-

cent, 30 percent, 40 percent, 50 percent.

in no statistically significant changes in a median
L, error for 20% censoring rate, there was a mod-
est increase for 30% censoring rate, but 40 and 50
percent censoring, nonrandom censoring resulted
in a relative increase in a median L, error. For 50
percent censoring rate, this increase is much clea-
rer.

In survival analysis it is thought that censored
observations which occur at the beginning of the
study result in more information loss and it is seen
as a major problem by researchers. But our simu-
lation study showed that censored observations oc-
curred at the end of the study has much more
negative effect on Kaplan Meier estimates. In sur-
vival studies at the end of the study, estimations are
based on less observation. So this result is related
with the number of the observation at the estima-
tion point.

Another important point which has effect on
Kaplan Meier estimate is censoring rate. When
censoring rate is increased, estimation error incre-
ases. Because of sharp increase in after 30% cen-
soring rate, we can conclude that 30% censoring
rate is the reasonable limit which can be tolerate

86

by Kaplan Meier estimator. Pattern of right censo-
red observation in data set has little effect on Kap-
lan Meier estimate which doesn’t make any effect
on clinical interpretation of the results. Our results
were very similar for whole distributions used in
simulations which mean that Kaplan Meier esti-
mator performance is independent from the distri-
bution of survival times.

Although censoring pattern doesn’t have any
clinically significant effect on survival distribution
estimates, it doesn’t mean that comparison of the
curves isn’t biased. In the second part of our simu-
lation we tested the impact of non-random right
censoring on Log-Rank Test performance. To com-
pare survival curves, same distributions are used
with Kaplan Meier estimates. Distribution of time
survival times and the censoring rates are fixed in
all of the groups only censoring pattern was varied.
In (Figure 4) as an example of simulated data, Cu-
mulative survival distributions and pattern of the
censored observations for Linear increasing hazard,
n=100, censored rate=40% to compare random cen-
soring versus non-random censoring are given in
terms of pattern of the censoring.

Turkiye Klinikleri J Biostat 2010;2(2)
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FIGURE 4: Cumulative survival distributions and pattern of the censored observations, for Linear increasing hazard, n=100, censored rate=40%.
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FIGURE 5: Log rank test simulation results for linear increasing function, for N=100 and 250 in terms of a Type | error for four different censoring locations and

with four levels of censoring; 20 percent, 30 percent, 40 percent, 50 percent.

The simulation results for Log-rank test per-
formance for N=100 and 250 are given in (Figure
5) in terms of a Type I error for four different cen-
soring locations and with four levels of censoring;
20 percent, 30 percent, 40 percent, 50 percent for
Linear increasing function. The results were very

Turkiye Klinikleri J Biostat 2010;2(2)

similar for whole distributions. As can be seen in
(Figure 5), When two survival curve include ran-
domly censored data was compared the type I error
level was at 0.05 but non-random censoring pat-
tern inflated the Type I error rate. Although it se-
ems that type I errors are reasonable in (Figure 5),
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it should be considered that the Log-rank test is
most likely to detect a difference between groups
when the risk of an event is consistently greater for
one group than another.’ But it is unlikely to de-
tect a difference when survival curves cross,® which
has high possibility when two survival distributi-
ons are the same.

As a result of our simulations, we found loca-
tion place of right censored observation in data set
has no significant effect on Kaplan Meier estimate.
There are two main points which have effect on

IMPACT OF NON-RANDOM RIGHT CENSORING ON KAPLAN MEIER ESTIMATES AND LOG-RANK TEST RESULTS...

Kaplan Meier estimates are sample size and censo-
ring rate. This result will encourage the physicians
to follow up their patients; even most of the censo-
red observations are occurred at the beginning of
the study. When comparing the curves nonran-
dom censoring results in Inflation of Type I error
for Log Rank which is probably higher than detec-
ted. We advise to use Kaplan Meier method for
non-random censoring but non random censoring
has negative effect of Logrank test and we don’t ad-
vise to use Logrank test under this special case.
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