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Abstract

In this paper we propose a new regression method with censored responses
when some censoring indicators are missing at random. We assume a parametric
(linear or nonlinear) model for the regression function, and the vector parameter
is estimated by randomly weighted least squares. The weights in the least
squares criterion are presmoothed Kaplan-Meier weights which take the missing
censoring indicator problem into account. We give the conditions under which
the proposed method is consistent. Extensive simulations to investigate the
finite sample performance of the regression parameter estimator and a real data
illustration are included. The proposed estimator is compared to a multiple
imputation type estimator. One of the conclusions is that no one of the methods
dominates the other.

Key words: Kaplan-Meier, multiple imputation, presmoothing, semipara-
metric censoring

1 Introduction

In Survival Analysis and in other fields, censored data appear. Let Y be a re-
sponse variable (e.g. a lifetime) which is observed under right-censoring, so one
is only able to observe the pair (Z, δ) where Z = min(Y, C) is the observed re-
sponse, δ = I (Y ≤ C) is the censoring indicator, and C stands for the potential
censoring time. Besides, let X be a p-dimensional vector of covariates. In many
applications, one will be interested in the regression model

Y = f(X; θ0) + ε

where ε is a zero-mean error term and f(x; θ) is a parametric (linear, nonlinear)
specification for the regression function f(x) = E [Y |X = x], with θ varying in
a subset Θ of the q-dimensional Euclidean space; θ0 is reserved for the true
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(unknown) regression parameter. In Survival Analysis this model is usually
identified as an accelerated failure time model; in such a case, the Y represents
a logarithmic transformation of the lifetime. Given an iid sample (Xi, Zi, δi),
i = 1, ..., n, of (X, Z, δ), consistent estimation of the regression parameter θ is
given by the minimizer of

θ 7→
n∑

i=1

Wi [Zi − f(Xi; θ)]
2
,

where Wi is the Kaplan-Meier weight attached to the lifetime Zi, i = 1, ..., n
(see Stute, 1999, and references therein).

In some instances, however, the censoring indicators δi may not be observed
completely. For example, in clinical trials, individuals may fail from multiple
causes, one of which is of interest. The time to death from the cause of interest
may be censored by a death from a different cause. However, sometimes the
cause of death may be unavailable; for example documenting whether or not
death is attributable to the cause of interest may require information that is
lost or not collected to save expenses, or it may be difficult to determine the
cause of death for some patients. In such situations, some censoring indicators
are missing, and the sampling information is restricted to (Xi, Zi, ξiδi, ξi), i =
1, ..., n, iid copies of (X, Z, ξδ, ξ), where ξ = 1 when δ is available (and ξ = 0
otherwise). Under the assumption of missingness at random, namely

P (ξ = 1|Z, δ) = P (ξ = 1|Z),

efficient estimation of the marginal survival function of Y was proposed by van
der Laan and McKeague (1998). These authors introduced a nonparametric
maximum likelihood estimator based on reduced data produced by a discretiza-
tion of Y . Later, Wang and Ng (2008) (see also Subramanian, 2004) provided
alternative estimators based on some preliminary presmoothing of the data.
Basically, the alternative method consists in replacing each (missing) censoring
indicator δi by some fitted value mn(Zi) to the probability of uncensoring for Zi.
Comparisons between this approach and that in van der Laan and McKeague
(1998) suggest that the presmoothing approach may be preferable in practice
(same references). Recently, Subramanian (2009) compared parametric pres-
moothing methods to multiple imputation methods in the same setup. See
our Section 2 for further details. However, none of these papers consider the
regression framework.

Our ”missing at random” (MAR) condition is given by

P (ξ = 1|X, Z, δ) = P (ξ = 1|X, Z).

This condition states that the variables ξ and δ are conditionally independent
given X and Z. This assumption is weaker than ”missing completely at ran-
dom” (MCAR), which states the independence between ξ and (X, Z, δ). Wang
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and Shen (2008) introduced a substitute for Beran’s estimator of the condi-
tional survival function of Y given X by using MAR. Gijbels, Lin and Ying
(1993) investigated the Cox regression model under MCAR, while McKeague
and Subramanian (1998) provided an alternative approach to estimation. Subra-
manian (2000) considered estimation under the Cox model and proportionality
of the conditional hazards of Y and C given X. Goetghebeur and Ryan (1995)
analyzed competing risks survival data with proportional hazards regression
models under MAR, and Chen et al. (2009) extended their approach to deal
with possibly non-proportional baseline hazards. Finally, Zhou and Sun (2003)
adapted the additive hazards regression model (Lin and Ying, 1994) to the miss-
ing censoring indicators problem. However, for the best of our knowledge, the
accelerated failure time model has not been addressed in this context.

The rest of the paper is organized as follows. In Section 2 we introduce
the proposed estimator of the vector parameter θ, and we give the conditions
under which it is consistent. In Section 3 we provide an extensive simulation
study which allows to investigate the finite sample behaviour of the proposed
estimator. A real data illustration is given in Section 4. Main conclusions and
a final discussion is reported in Section 5.

2 The estimators. Consistency

Starting with the complete case, let Z(1) ≤ ... ≤ Z(n) be the ordered Z-sample,
where (by convention) uncensored cases preceed the censored ones in the case
of ties. We denote by

(
X[i], δ[i]

)
the (X, δ) value attached to Z(i) (i.e. the i-th

concomitant), so the Kaplan-Meier weight attached to Z(i) is given by

W(i) =
δ[i]

n− i + 1

i−1∏

j=1

[
1− δ[j]

n− j + 1

]
.

Stute (1999) proposed the minimizer of

θ 7→
n∑

i=1

W(i)

[
Z(i) − f(X[i]; θ)

]2

as a consistent estimator of θ. Of course, this estimator can not be computed
when some censoring indicators are missing. In the following, we propose a
possible modification of the weights W(i) to overcome this issue.

Introduce m(x, z) = P (δ = 1|X = x,Z = z), and let m(.;β) denote a
parametric family containing the true m(.). Under MAR we have m(x, z) =
P (δ = 1|X = x,Z = z, ξ = 1) and hence the model m(.;β) may be consistently
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fitted via maximization of the conditional likelihood of the observed censoring
indicators, this is

β 7→
∏

ξi=1

m(Xi, Zi;β)δi [1−m(Xi, Zi;β)]1−δi . (1)

(Lu and Tsiatis, 2001). Let βn be the corresponding maximizer, and introduce
mn(x, z) = m(x, z;βn). Put

W(i)(mn) =
mn(X[i], Z(i))

n− i + 1

i−1∏

j=1

[
1− mn(X[j], Z(j))

n− j + 1

]
.

When P (ξ = 1) = 1, these are the presmoothed Kaplan-Meier weights intro-
duced in de Uña-Álvarez and Rodŕıguez-Campos (2004). These authors es-
tablished the strong consistency of general empirical integrals based on these
weights. Here we give the same result in the context of missing censoring in-
dicators. As in Stute (1999), two identifiability conditions are needed to cope
with the censoring; these are:

(i) Y and C are independent,
(ii) P (δ = 1|X, Y ) = P (δ = 1|Y )

On the other hand, for the estimator mn, a uniform convergence condition
is needed, namely

(U) supx,z |mn(x, z)−m(x, z)| → 0 with probability 1

See Dikta (1998, 2000) for conditions under which (U) holds for mn(x, z) =
m(x, z;βn). For completeness, we report here the consistency result. We denote
by H the distribution function of Z. Introduce

F 0
XY (x, y) = P (X ≤ x, Y ≤ y ∧ τH)

where τH = inf {z : H(z) = 1}.

Theorem 1. Assume that H is continuous, (i), (ii) and (U) hold, and

∫ |ϕ (u, v)|F 0
X,Y (du, dv)

m(u, v)(1−H(v))ρ
< ∞

is satisfied for some ρ > 0. Then, with probability 1,

n∑

i=1

W(i)(mn)ϕ(X[i], Z(i)) →
∫

ϕdF 0
X,Y .

Proof. See the proof to Theorem 2.1 in de Uña-Álvarez and Rodŕıguez-
Campos (2004).¥
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As in Stute (1999), Theorem 1 is enough to get consistency of the minimizer
of

θ 7→
n∑

i=1

W(i)(mn)
[
Z(i) − f(X[i]; θ)

]2
, (2)

say θn(mn), provided that the function f(x; θ) fulfills a number of regularity
conditions. Introduce the following assumptions:

(iii) EY 2 < ∞,
(iv) Θ is compact,
(v) f(x; θ) is continuous in θ for each x,
(vi) f(x; θ)2 ≤ M(x) for some integrable function M ,
(vii) L(θ, θ0) = E

{
(f(X; θ)− f(X; θ0))2

}
> 0 for each θ 6= θ0.

The second moment assumption (iii) is always needed in least-squares es-
timation. Assumptions (iv) and (v) guarantee that θn(mn) exists. (iv) and
(vi) are not needed for linear regression, while (v) is evidently true in this case.
Condition (vi) together with (v) and dominated convergence guarantee that all
relevant integrals (such as L) are continuous in θ. Finally, (vii) guarantees that
θ0 may be identified from a sample of (X, Y )’s. It holds true for linear f if
X has a finite second moment and is not concentrated on a hyperplane. For
notational convenience, we assume without further mention that τH equals the
upper limit of the lifetime distribution; in such a case, F 0

XY is just the joint
distribution function of (X, Y ). When the support of C is contained in that of
Y , a proper modification of L is needed; see equation (1.2) in Stute (1999) for
further details.

Theorem 2. Under (i)-(vii) and (U), θn(mn) → θ0 with probability 1.

Proof. See the proof to Theorem 1.1. in Stute (1999).¥

An alternative weighted least-squares estimator for θ under MAR may be in-
troduced through a multiple imputation strategy. Let K be a fixed, positive inte-
ger (the number of imputations) and, for each i, let δ̂[i],k be a Bernoulli(mn(X[i], Z(i)))
random variable, k = 1, ..., K. Put

δ̂[i] = ξ[i]δ[i] + (1− ξ[i])
1
K

K∑

k=1

δ̂[i],k

where ξ[i] is the value of ξ attached to Z(i), and let Ŵ(i) be the imputed Kaplan-
Meier weight which is obtained by replacing δ[i] by δ̂[i] in the definition of W(i).
Let θ̂n = arg minθ

∑n
i=1 Ŵ(i)

[
Z(i) − f(X[i]; θ)

]2. For the problem of estimating
the marginal distribution of Y , Subramanian (2009) suggested that the multiple
imputation strategy may be preferable when the parametric model m(.;β) is
miss-specified. However, when the parametric model is correct, it was shown
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that multiple imputation suffers from a larger variance. In the following Section,
we compare by simulations θn(mn) to θ̂n. It will be seen that, in our regression
context, no one of these two methods dominates the other.

3 Simulation study

In this Section we provide a simulation study in order to illustrate the rela-
tive performance of the presmoothed and the multiple imputation estimators,
θn(mn) and θ̂n respectively. We consider the scenario simulated in de Uña-
Álvarez and Rodŕıguez-Campos (2004). Namely, we proceed as follows: fix real
numbers θ10, θ20, and b1 > 0;

(I) Draw X ∼ U(0, 1)
(II) Given X, draw Y ∼ Weibull (a1(X), b1) where a1(x) = exp(θ10 + θ20x)
(III) Draw independently C ∼ Weibull(a2, b2) where a2 = exp(θ10) and

b2 = b1

(IV) Compute Z = Y ∧ C and δ = 1{Y≤C}

Note that assumptions (i) and (ii) in the previous Section hold due to the
independence between C and (X, Y ). Our simulation plan results in a logistic
model for m, under which δ and Z are conditionally independent given X;
namely

m(x, z) =
exp(b1θ20x)

1 + exp(b1θ20x)
. (3)

It is easily seen that the simulated (X, Y ) follow the loglinear regression model

lnY = −θ10 − θ20X +
1
b1

ε

where ε follows an extreme value distribution, independent of the covariate.
Hence, in our simulated example we have f(x; θ0) = −θ10 − θ20x after per-
forming a log-transformation of the response, i.e. the log-linear case. Since
E(ε) = −0.57722, a systematic bias in the estimation of the intercept will ap-
pear; this bias is removed in Tables referred below. Parametric presmoothing
was considered, under the logistic assumption

m(x, z;β0) =
exp(β10 + β20x + β30z)

1 + exp(β10 + β20x + β30z)
. (4)

Note that the true m given in (3) belongs to this parametric family. Under the
simulated example, the proportion of uncensored responses equals

E(δ) =
1

b1θ20
ln

[
1 + exp(b1θ20)

2

]
.
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Table 1: True parameter values in the logistic model for the probability of
non-missingness and cases (b), (c) and (d). CP and MP stand for censoring
percentage and missing rate respectively.

MP=33% MP=67%
CP(%) γ10 γ20 γ30 γ10 γ20 γ30

π(x, z) = π(x) — 0 -1.4436 0 0 1.4436 0
(Case (b))

π(x, z) = π(z) 10 -1 0 2.8 1 0 2.8
(Case (c)) 28 -1 0 1 1 0 -1

45 -0.5 0 -0.5 0.5 0 0.5
62 0 0 -1.35 0 0 1.35

π(x, z) = π(x, z) 10 0 -2 2 0 2 -2
(Case (d)) 28 0 -0.92 -0.92 0 0.92 0.92

45 0 -4 2.3 0 4 -2.3
62 0 1 -2.55 0 -1 2.55

We considered the case b1 = 1. Given b1, the value of the slope θ20 was fixed
in order to obtain five censoring percentages, about 10, 28, 45 and 62% of
censoring. The intercept θ10 was chosen to be zero in all the cases

In order to introduce some missingness in the censoring indicators, we consid-
ered four different situations for the function π(x, z) = P (ξ = 1|X = x,Z = z):
(a) π(x, z) = π, which means that the value of (X, Z) does not influence the
probability of missingness (MCAR); (b) π(x, z) free of z but dependent on x;
(c) π(x, z) free of x but dependent on z; and (d) π(x, z) depending on both x
and z. A logistic model of the form

π(x, z; γ0) =
exp(γ10 + γ20x + γ30z)

1 + exp(γ10 + γ20x + γ30z)

was used in all the situations, for imposing a percentage of missingness of 33%
or 67%. In Table 1 we report the γ’s for each situation. Note that the obvious
situation (a) is not reported in the Table 1, while for situation (b) (unlike for
(c) and (d)) the same triplet (γ10, γ20, γ30) leads to a given missingness rate
independently of the censoring degree.

Given the scenario with missing censoring indicators, we fitted the pres-
moothing function m(x, z;β0) via maximization of (1) and then we computed
the minimizer θn(mn) = (θ1n, θ2n) of the weighted least squares criterion (2).
We also computed the multiple imputation estimator θ̂n =

(
θ̂1n, θ̂2n

)
described

in the previous Section. Sample sizes of n =100 and n =500 were considered.
For each case, M =1,000 trials were performed. In Tables 2-5 we report the
bias, standard deviation (SD), and mean square error (MSE) of the estimator
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of (minus) the intercept θ10 along the simulations, these are

Bias(θ1n) = θ10− 1
M

M∑
m=1

θ
(m)
1n , SD(θ1n) =

[
1

M − 1

M∑
m=1

(
θ
(m)
1n − θ

(•)
1n

)2
]1/2

,

MSE(θ(m)
1n ) = Bias(θ1n)2 + SD(θ1n)2,

where θ
(m)
1n stands for the estimator θ1n when based on the m-th trial and θ

(•)
1n =

M−1
∑M

m=1 θ
(m)
1n . For comparison purposes, we included the figures pertaining

to θ̂1n; more specifically, we report the results corresponding to the best (in
the sense of achieving the minimum MSE) and the worst multiple imputation
estimators among those using K = 25 imputations at maximum. In all the
considered cases, the worst multiple imputation method was obtained for K = 1,
that is, the single imputation estimator. However, the number of imputations
needed to achieve the smallest MSE varied. Tables 6-9 report the same kind
of figures but for the estimators of the slope (θ2n and θ̂2n). We also included
in Tables 2-9 the results corresponding to the case with non missingness. For
this particular case, the Kaplan-Meier based least-squares estimator in Stute
(1999) (see also Stute, 1993) can be computed too; the results of this estimator
can be regarded as a ’gold standard’ to which the remaining estimators can be
compared to. The figures of the Kaplan-Meier estimator are reported separately
in Table 10.

From Tables 2-10 we see that (for all the estimation methods) the bias, the
standard deviation, and the MSE for n = 500 are smaller than for n = 100,
and that they tend to increase when the censoring becomes heavier. These
features were expected. Also, the MSEs for the estimators of the slope are
greater than those of the intercept. We also see that, generally speaking, the
bias increases with the proportion of missingness. This is not always the case
when the probability of missingness is influenced by the observed lifetime Z
(Tables 4, 5, 8, and 9); in such cases, less bias may be obtained with higher
rates of missingness. In most of the situations, the standard deviation increases
with the missingness proportion; but some exceptions to this are found when
π(x, z) depends on both arguments, for a 10% of censoring. Up to moment we
have no explanation to these somehow counter-intuitive results.

The contribution of the standard deviation to the final MSEs is more impor-
tant than that associated to the bias terms, which are in general of a smaller
order. When comparing the several estimation methods through the attained
MSEs, we see that the multiple imputation method θ̂n performs better than
the presmoothed estimator θn(mn) only in 20.8% of the cases; besides, all the-
ses cases correspond to light censoring. This suggests that, in general, θn(mn)
could be preferable to θ̂n, particularly when working under moderate to large
censoring levels. Moreover, when θ̂n performs better, the optimal number of
imputations varies between 10 and 25; this variation makes the practical usage
of θ̂n complicated.
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Table 10: Bias,SD and MSE for Kaplan-Meier based estimator of the intercept
θ10 and the slope θ20

θ10 θ20

n CP(%) Bias SD MSE Bias SD MSE
100 10 -0.0865 0.2936 0.0936 0.1303 0.4879 0.2548

28 -0.1406 0.3319 0.1298 0.1884 0.5538 0.3419
45 -0.1707 0.4381 0.2209 0.1306 0.7704 0.6100
62 -0.0993 0.5189 0.2789 -0.4193 0.9795 1.1342

500 10 -0.0330 0.1289 0.0177 0.0508 0.2160 0.0492
28 -0.0564 0.1461 0.0245 0.0773 0.2455 0.0662
45 -0.0723 0.1995 0.0450 0.0632 0.3673 0.1388
62 -0.0087 0.2880 0.0830 -0.3258 0.5596 0.4190

The comparison between the Kaplan-Meier estimator and the various esti-
mators adapted to missigness is of interest. Note that, with light censoring,
the MSE of the Kaplan-Meier (0% of missingness) is in general smaller than
that corresponding to the estimators working under a 33% or a 67% of miss-
ingness. This is of course intuitive. But the opposite occurs when we move to
the heavily censored case; then, the presmoothed and the multiple imputation
methods outperform the Kaplan-Meier estimator, even when they work with
fewer known values of δ. This is because the informative censorship mechanism
which is introduced through the parametric specification of the function m(x, z)
(see e.g. Dikta, 1998, 2000) compensates for the loosing of information on the
censoring indicators.

In order to investigate the robustness of the proposed method against miss-
specifications in the parametrization of the function m, we considered a second
simulated scenario in which C follows a uniform distribution on the (0, 3) in-
terval. As discussed in de Uña-Álvarez and Rodŕıguez-Campos (2004), this
automatically leads to a function m(x, z) which does not belong to the logis-
tic family. The results obtained (shown in Appendix A) were very similar to
those corresponding to the Weibull censoring. The MSE of the slope estima-
tors greatly increased in the heavily censored case, a fact that could be related
to the relative difficulties of the Kaplan-Meier estimator in the new scenario,
see Table 20 (note that, due to the changing in the censoring distribution, the
value of θ20 needs to be adjusted in order to maintain a given censoring level).
In these cases with high censoring degree, the presmoothed and the multiple
imputation estimators again outperformed the Kaplan-Meier based estimator.
The proportion of cases in which multiple imputation reduced the MSE of the
presmoothed estimator was 25%, all of them corresponding to light censoring
(10%). Again, the optimal number of imputations varied largely. The conclu-
sion is that the proposed estimator θn(mn) for the regression parameter θ may
be quite robust against miss-specifications of the function m, and under mod-
erate to heavy censoring it performs at least as well as the multiple imputation
method.
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4 Real data illustration

For illustration purposes, we have considered the PBC data set reported and
widely explained in Fleming and Harrington (1991), with n = 312 individuals.
In this example, the Y variable denotes survival time (in years) for primary
biliary cirrhosis (PBC) patients. Censoring from the right is provoked by the
end of following-up or by liver transplantation (187 censored times, or about
60% of censoring). We assumed a loglinear regression model on the bilirubin
level, taken in log scale (the X variable), that is

E [lnY | X] = θ10 + θ20X.

Table 11 reports the (randomly weighted) least squares estimators for (θ10, θ20)
via ordinary Kaplan-Meier, parametric presmoothed given by (2), and multiple
imputation. Note that for this data set we have no missing censoring indicator;
hence, we need to introduce some missingness in an artificial way. This is
interesting, since in this manner we can see if the estimators adapted to the
missing censoring indicator model provide values similar to those corresponding
to the case with completely observed censoring indicators. Given (Xi, Zi), the
missingness indicator ξi was drawn from a Bernoulli model with parameter
π(Xi, Zi), where the function π(x, z) was chosen in four different ways: (a), (b),
(c), (d) cases explained in Section 3, according to the type of dependence on
the (x, z) variables. In Table 11, labels 1-4 for presmoothed (P) and multiple
imputation (MI) methods refer to these four scenarios. A logistic specification
for π(x, z) was used in all the situations, with the parameters fixed to give
approximately 33% and also 67% of missing proportion.

For the estimation of m(x, z), the logistic specification (4) was assumed;
some preliminary goodness-of-fit testing for the logistic model was performed
from the complete data, and the Hosmer-Lemeshow statistic (see Hosmer and
Lemeshow, 1989) reported a p-value of 0.902. For multiple imputation, we
considered a maximum number of imputations of K = 25. We only report the
minimum and the maximum estimates provided by the 25 multiple imputation
values. Both parametric presmoothing and multiple imputation methods were
applied also to the complete data (0% of missingness); this makes sense, since it
is known that presmoothing provides variance reduction with respect to Kaplan-
Meier weights (e.g. de Uña-Álvarez and Rodŕıguez-Campos, 2004).

From Table 11 we see that the estimates of the intercept θ10 from the com-
plete data range from 1.7261 to 2.1876, and that presmoothing and multiple
imputation leads to a slight modification of the value reported by the Kaplan-
Meier weighted LSE (1.9308). The same happens for the slope θ20, for which
the Kaplan-Meier based estimator gives -0.4909 and the modified Kaplan-Meier
weights give values ranging from -0.6782 to -0.4620. When considering the cases
with missing censoring indicators, we see that neither the missingness propor-
tion nor the possible dependencies on X and/or Z in π(X, Z) seem to provoke
significant departures of the estimates with respect to the complete data case.
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Table 11: Estimators of intercept and slope for the PBC data,based on ordinary
Kaplan-Meier(KM), presmoothed(P1-P4), and multiple imputation (MI1-MI4)
weights

θ10 (intercept) θ20 (logbilirubin)
MP(%) 0% 33% 67% 0% 33% 67%

KM 1.9308 -0.4909
P1 2.0482 1.9952 2.0379 -0.5691 -0.5719 -0.5686
MI1 1.7261 1.7216 1.9301 -0.6782 -0.6121 -0.6212

2.1876 2.1520 2.1861 -0.4620 -0.4690 -0.5255
P2 2.0508 2.0204 -0.5627 -0.5658
MI2 1.9377 1.9113 -0.5873 -0.6078

2.1070 2.1526 -0.4935 -0.5126
P3 2.0506 2.0540 -0.5718 -0.5685
MI3 1.8749 1.9796 -0.6167 -0.6329

2.1982 2.1738 -0.4963 -0.5314
P4 2.1276 2.0176 -0.5786 -0.5687
MI4 2.0588 1.9294 -0.6376 -0.6130

2.1920 2.0979 -0.5422 -0.5114

Finally, we mention that all the estimates for the slope support previous statis-
tical analysis for the PBC data set; that is, high bilirubin levels are associated
to poor survival prognosis.

5 Main conclusions

In this work a new estimator of the regression parameters in the censored accel-
erated failure time model has been introduced. The estimator is constructed by
using some preliminary estimation (or presmoothing) of the conditional proba-
bility of censoring given the observed time and the covariate vector. The method
proposed is adapted to the missing censoring indicators situation. The strong
consistency of the introduced estimator has been formally established. Besides,
a simulation study to investigate the finite sample performance of the estimator
has been conducted. An alternative estimator based on a multiple imputation
strategy has been considered in the simulations too. One of the main conclu-
sions of our study is that the presmoothed estimator may perform well even
when some miss-specification occurs. Besides, for moderate to large censoring
proportions it performs better than the multiple imputation method.

It should be noted that preliminary presmoothing may be performed through
nonparametric (e.g. kernel) methods too. To this regard, we mention that our
consistency result applies provided that the uniform consistency assumption (U)
is fulfilled. Finally, it would be interesting to derive the asymptotic distribution
of the presmoothed estimator. This topic is currently under investigation.
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A Appendix

Simulation results when the censoring variable follows a U(0, 3) distribution. In
this case, the presmoothing function is miss-specified. Values of the slope θ20 to
get censoring levels 10%, 28%, 45% and 62% change from 3.2, 0.3, -0.91, -2.25
(Weibull censoring) to 6.9, 2, 0.4, -1, respectively.
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Table 20: Bias,SD and MSE for Kaplan-Meier based estimator of the intercept
θ10 and the slope θ20

θ10 θ20

n CP(%) BIAS SD MSE BIAS SD MSE
100 10 -0.0823 0.2756 0.0826 0.1178 0.4698 0.2344

28 -0.1479 0.3294 0.1303 0.0901 0.5849 0.3499
45 -0.1150 0.3566 0.1403 -0.4552 0.6567 0.6380
62 -0.0201 0.3658 0.1341 -1.6104 0.7707 3.1868

500 10 -0.0466 0.1220 0.0171 0.0610 0.2132 0.0491
28 -0.1077 0.1560 0.0359 0.0561 0.2765 0.0795
45 -0.0854 0.1741 0.0376 -0.4539 0.3275 0.3132
62 0.0122 0.1921 0.0370 -1.5688 0.3982 2.6196
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