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Abstract
Semiparametric accelerated failure time (AFT) models directly relate the
predicted failure times to covariates and are a useful alternative to Cox’s proportional hazards models that work on the hazard function or the survival function.
In this paper, we briefly review different approaches to estimate the AFT model
and evaluate their performance with finite samples via extensive simulation
studies. Specifically, we compared (i) inverse probability of censoring weighted
(IPCW) least squares, (ii) log-rank estimator, (iii) Gehan-type log-rank estimator, (iv) Buckley-James estimator, and (v) nonparametric maximum likelihood
estimator (NPMLE). Overall, rank-based estimators and Buckley-James estimator are efficient and relatively more robust to distributions of residual and
censoring variables, whereas the IPCW estimator is very sensitive to distribution and amount of censoring. The NPMLE is asymptotically efficient and useful
as it allows for hazard-based formulation, and thus can be used to analyze more
structured survival data.
Keywords: Linear model, rank regression, relative efficiency, survival analysis.

1. Introduction
Consider a random sample of n subjects. Let Ti be an uncensored dependent
variable of interest, such as the survival time, and let Xi be an observable p × 1
vector of covariates, where i = 1, ..., n. In many applications, especially in biomedical
studies, Ti cannot be completely observed due to possible censoring, for instance,
end of the study, withdrawal of patients, or death from a cause unrelated to the
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specific disease of interest, etc. In this paper, we focus on random right censoring
and let Ci denote the censoring variable, whose distribution may depend on Xi . Due
to right censoring, we only observe the triples (Yi , δi , Xi ), where
Yi = min(Ti , Ci ), δi = I(Ti ≤ Ci )
are the observed response variable and the censoring indicator, respectively. The
goal is to estimate the p-dimensional vector regression coefficient β in the following
linear regression model
log Ti = β 0 Xi + i ,
(1.1)
where i is the random error. In the survival literature, linear survival model (1.1) is
termed a familiar accelerated failure time (AFT) model, which has been extensively
studied as a viable alternative to Cox’s proportional hazards model.
The semiparametric AFT model (1.1) is a log-linear model for the failure time with
unspecified error distribution, which directly relates the failure time to covariates
such that the effect of a covariate is to multiply the predicted failure time by a
constant. The parameters in the model provides a direct physical interpretation,
while its estimation and inference procedures are challenging in the presence of
censoring, mostly due to discontinuity embedded in estimating functions with respect
to the coefficient β. In the last decades, there has been considerable research on
estimating the AFT models for censored data; see Buckely and James (1979), Jin et
al. (2003, 2006a, 2006b), Tsiatis (1990), Wei et al. (1990), Zeng and Lin (2007), Jin
(2016), Kang and Kim (2018), among many others.
The AFT model is also extended to other complex survival settings, such as multivariate/correlated data (Jin et al., 2006), case-cohort study (Chiou et al., 2014),
medical cost analysis (Lin, 2000), mixture modeling (Choi et al., 2018), and competing risks data (Choi and Cho, 2018). Variance estimators are obtained through
approximating asymptotic normal distributions (Johnson and Strawderman, 2009;
Zeng and Lin, 2007), or using an efficient resampling method for nonsmooth estimating functions that avoids full blown bootstrap (Jin et al., 2003). Recently, Shim,
Kim and Hwang (2011) studied least-squares support vector machine for the AFT
models to consider situations where the functional form of the effect of one or more
covariates is unknown, and Choi and Shim (2013) investigated variable selection in
a similar setting.
In this paper, we briefly review and discuss some newly developed estimating methods for semiparametric AFT models and provide empirical results to compare their
finite-sample performance via extensive Monte Carlo simulation studies. Specifically,
we compared performance of the following five approaches: (i) inverse probability
of censoring weighted (IPCW) least squares (Stute, 1993), (ii) log-rank estimator
(Tiatis, 1990, Wei et al., 1990), (iii) Gehan-type log-rank estimator (Fygenson and
Ritov, 1994), (iv) Buckley-James estimator (Buckley and James, 1979; Jin et al.,
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2006a), and (v) nonparametric maximum likelihood estimator (Zeng and Lin, 2007).
These estimators will be examined under various simulation schemes by changing underlying censoring distribution and amount of censoring. Although there have been
extensive theoretical studies to examine asymptotic properties of these individual
approaches, very limited works are available for comparing empirical performance
of these methods. We fill the gap by evaluating these methods in a unified setup.
Our simulation studies may not be exhaustive as we cannot include all scenarios
but will present some useful guidance when considering appropriate methods for the
AFT-based analysis of survival data.
The rest of this article is organized as follows. Several point estimation procedures
for the AFT model are reviewed in Section 2. A bootstrap-based resampling method
can be used for variance estimation, which is of secondary interest here and thus will
not be discussed in detail. Large-scale simulation study and results are summarized
in Section 3. A discussion concludes in Section 4.

2. Estimation procedures
In this section, we briefly review several estimating procedures for the AFT model
(1.1). For more detailed review on this topic, interested readers may refer to Jin
(2016) and Kang and Kim (2018).
2.1. Inverse probability of censoring weighted (IPCW) estimator
The IPCW method is to use the weighted least squares framework with weights
arising from the inverse probability censoring; see e.g., Lin (2000). In this approach,
the observed data loss function or its estimating equation is weighted by the inverse probability of δi /G(yi ), where G(y) = P (C > y). This approach works since
E[δi /G(Yi )] = 1 if Xi and Ci are independent as is standard in survival analysis. The
strategy is then to estimate Ĝ(·) for G(·), for example, by using the Kaplan-Meier
estimator for censoring variable, and minimize the weighted squared error loss:
Lw (β) =

n
X

δi

i=1

Ĝ(Yi )

(Yi − β 0 Xi )2 ,

(2.1)

Xi0 (Yi − β 0 Xi ) = 0.

(2.2)

or solve the weighted estimating equation:
Uw (β) =

n
X

δi

i=1

Ĝ(Yi )

The method can be readily generalized to allow for the dependence between C and
X through G(y|x) = P (C > y|X = x), which may be approximated by a Cox model
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or any nonparametric approaches such as kernel-smoothing methods. The solution
to the weighted estimating equation (2.2) has a closed-form solution, given by
β̂ =

( n
X
i=1

)−1

δi
Ĝ(Yi )

Xi⊗2

n
X

δi

i=1

Ĝ(Yi )

Yi Xi ,

where a⊗2 = aa0 . Similar ideas have been employed for survival analysis in many
other settings with incomplete data (e.g., Lin, 2000; Choi and Cho, 2018). It is
shown that as n → ∞, n1/2 (β̂ − β0 ) approaches to a mean zero normal distribution
with a covariance
matrix that can be consistently estimated by Â−1 Ω̂Â−1 , where
Pn
⊗2
−1
Â = n
i=1 Xi ,
⊗2

n
n
0 (Y − β̂ 0 X )
X
X
(1
−
δ
)I(Y
≤
Y
)w(Y
)
δ
X
j
i
j 
i
 i i i
Pjn
+ (1 − δi )w(Yi ) −
Ω̂ = n−1
I(Y
≥
Y
)
j
Ĝ(Yi )
k
k=1
j=1
i=1
and

Pn
w(t) =

i=1 I(Yi

> t)δi Xi0 (Yi − β̂ 0 Xi )/Ĝ(Yi )
Pn
.
i=1 I(Yi ≥ t)

The IPCW approach is relatively simple with an explicit variance formula and
can be easily adapted for many other settings, such as censored quantile regression,
competing risks analysis, etc. However, as demonstrated by simulations, the IPCW
estimators can be sensitive to censoring distribution, levels of censoring and independence assumption. With large censoring or conditional independent assumption,
rank-based methods may provide more efficient and robust results.
2.2. Log-rank estimator
To make an estimation in AFT model (1.1), Tsiatis (1990) and Wei et al. (1990)
proposed to estimate β using a weighted log-rank estimating equation of the form
"
#
Pn
n
X
j=1 Xj I{εj (β) ≥ εi (β)}
Ur (β) =
Wi (β)δi Xi − Pn
,
(2.3)
j=1 I{εj (β) ≥ εi (β)}
i=1

where εi (β) = log Yi − β 0 Xi and Wi (·) are a nonnegative weight function for i =
1, ..., n. Due to the fact that Ur (β) is not a continuous function of β, a solution to
Ur (β) = 0 typically does not exist and parameter estimates may instead be obtained
by minimizing kUr (β)k, where kak = (a0 a)1/2 for a vector a. We term this estimator
as the log-rank estimator.
In general, Ur (β) is neither continuous nor component-wise monotone in β. Thus,
it is difficult to solve the equation Ur (β) = 0, especially when β is high-dimensional.
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In fact, there are potentially multiple solutions to the equation, some of which are
inconsistent. Jin et al. (2003) proposed an iterative procedure to solve (2.3) reliably,
which, however, may require computing extensive resampling algorithm for variance
estimation.
2.3. Gehan-type log-rank estimator
Fygenson
Pn and Ritov (1994) show that using the Gehan-type weight function
Wi (β) = j=1 I{εj (β) ≥ εi (β)} in equation (2.3) leads to the monotone estimating
function
n X
n
X
Ug (β) =
δi (Xi − Xj )I{εj (β) ≥ εi (β)}.
i=1 j=1

Recognizing that Ug (β) is the gradient of the convex objective function
Lg (β) =

n X
n
X

δi {εj (β) − εi (β)}I{εj (β) ≥ εi (β)},

i=1 j=1

one can obtain parameter estimates by minimizing Lg (β) with respect to β. The
resulting set of solutions is convex and thus easier to locate than in the general case.
The solution to Ug (β) = 0 will be called the Gehan estimator in this paper.
However, even in this comparatively nice setting, the associated lack of smoothness
continues to present computational challenges. The most promising methods to censored data utilize linear programming techniques (e.g. Jin et al., 2003). While such
methods can be implemented with relative ease, the computational burden can be
high, especially with large datasets. One useful approach to overcome such a problem is to apply induced smoothing technique (e.g., Johnson and Strawderman, 2009),
which works on the smoothed (and asymptotically equivalent) version of Ug (β) and
thus standard optimization methods, such as Newton-Rapsohn algorithm, are applicable. The induced smoothing approach uses the fact that the distribution of β̂ is
asymptotically normal and derives a smoothed version of Lg (β), which can be used
for inference procedures.
2.4. Buckley-James estimator
When there is no censoring, an unbiased estimating function for β is given by
n
X

(Xi − X̄)(log Ti − β 0 Xi ) = 0,

i=1

P
where X̄ = n−1 ni=1 Xi . In the presence of censoring, however, we can only observe
Yi and the above equation yields biased results. Buckly and James (1979) proposed
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to replace log Yi by its expectation Vi = E[log Ti |Yi , Xi , δi ] that can be approximated
by
(R ∞
)
εi (β) udF̂β (u)
V̂i (β) = δi log Yi + (1 − δi )
+ β 0 Xi ,
1 − F̂β {εi (β)}
where

"
Y

F̂β (t) = 1 −

i:εi (β)<t

δi
1 − Pn
j=1 I{εj (β) ≥ εi (β)}

#

is the Kaplan-Meier estimator of F (t) = P (T ≤ t), based on data {(εi (β), δi ), i =
1, ..., n}. Buckley and James (1979) proposed to solve Ũb (β) = Ub (β, β), where
Ub (β, b) =

n
X
(Xi − X̄)(V̂i (b) − β 0 Xi ).
i=1

However, since Ũb (β) is a neither continuous nor monotone function, their solutions are often unsatisfactory even with moderate size of covariate dimension.
Alternatively, Jin et al. (2006a) proposed an iterative algorithm, in which β̂ (k) , the
estimator in the kth step, is updated from β̂ (k−1) through β̂ (k) = Lb (β̂ (k−1) ), k ≥ 1,
where
( n
)−1 " n
#
X
X
Lb (β) =
(Xi − X̄)⊗2
(Xi − X̄)(V̂i (β) − V̄ (β))
i=1

i=1

Pn
−1

(0)
and V̄ (β) = n
i=1 V̂i (β). With a consistent initial estimator β̂ , the BuckleyJames estimator converges within a few iterations, which can also be justified by
asymptotic theory (Jin et al., 2006a). It is suggested to use the gehan estimator as
β̂ (0) . With this choice, Jin et al. (2006a) demonstrated that the procedure usually
ends after 3-5 iterations, and thus computation burden is minimal.

2.5. Nonparametric maximum likelihood estimator (NPMLE)
Rt
Let Λ(t) = 0 λ(s)ds denote the cumulative hazards function of exp(ε). The full
log-likelihood for (β, Λ) under model (1.1) can be written as
l(β, Λ) = n

−1

n h
X


i
δi β 0 Xi + log λ eεi (β) − Λ eεi (β) .
i=1

By treating Λ(t) as a step function at distinct observed failure times, Zeng and Lin
(2007) showed that the nonparametric maximum likelihood estimate for Λ(t) is given
by
0
n Z t
X
dNi (teβ Xi )
Λ̃(t; β) =
∆Λ̃(u; β)du,
∆Λ̃(t; β) = Pn
,
εj (β) ≥ t)
j=1 I(e
i=1 0
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where Ni (t) = I(Ti ≤ t, δi = 1). Plugging ∆Λ̃ and Λ̃ into the log-likelihood function
leads to the following profile log-likelihood function
lp (β) = n−1

n
X


δi β 0 Xi + log ∆Λ̃{eεi (β) ; β} .
i=1

However, lp (β) cannot be maximized due to its non-smoothness and Zeng and Lin
(2009) seek a smoothed approximation using the nonparametric kernel smoothing
method. Toward this end, they choose a symmetric kernel function K(·) with bandwidths hn > 0. It can be shown that the estimated hazard function ∆Λ̃(t; β) can be
approximated by its smoothed version
P
(nhn )−1 ni=1 ∆i K{(eεi (β) − t)/hn }
λ̂(t; β) =
,
P R (eεi (β) −t)/hn
n−1 ni=1 −∞
K(u)du
when hn → 0 as n → ∞. The corresponding estimators of Λ(t) are then given by
Z

t

Λ̂(t; β) =
−∞

P
(nhn )−1 ni=1 δi K{(eεi (β) − s)/hn }
ds.
P R (eεi (β) −s)/hn
K(u)du
n−1 ni=1 −∞

By replacing ∆Λ̃ in lp (β) by ∆Λ̂, Zeng and Lin (2007) derived the smoothed profile
log-likelihood for β,

!
n
n
n


ε
(β)
ε
(β)
X
X
X
j
i
1
1
1
e
−e
ls (β) =
δi (β 0 Xi ) +
δi log
δj K
 nhn

n
n
hn
i=1
i=1
j=1


n
n Z (eεj (β) −eεi (β) )/hn
1 X

1X
−
δi log
K(u)du ,
n

n
−∞
i=1

j=1

which can be maximized to obtain the NPMLE β̂. Since the profile likelihood ls (β)
is a smooth function, inference about β̂ can be made by treating ls (β) as a usual
log-likelihood function.

3. Simulation studies
We conducted numerous simulation studies to examine the finite-sample performance of different inference procedures, described in Section 2. We generated failure
times from the following model:
log T = 2 + X1 + X2 + ,
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where X1 is Bernoulli with 0.5 success probability and X2 is independent normal
with mean 0 and standard derivation 0.5. This is the same model configuration
used by Jin et al. (2006a). For performance comparison, we considered six different
error distributions: (i) standard normal distribution, (ii) (standard)
√ extreme-value
distribution, Weibull distributions with hazard rates 2t and 1/(2 t), denoted by
(iii) Weibull(2, 1) and (iv) Weibull(.5, 1); and mixtures of N (0, 1) and N (0, 9) with
mixing probabilities (.5, .5) and (.95, .05), denoted by (v) .5N (0, 1) + .5N (0, 9) and
(vi) .95N (0, 1) + .05N (0, 9), respectively. We then generated censoring times from
exponential or uniform distribution, whose parameter was chosen to produce 20%
or 40% censoring rates.
Table 1 and 2 summarized simulation results from 1000 repetitions with n = 200,
where the censoring variable follows exponential and uniform distributions, respectively. There, the empirical bias (Bias) and sample standard error (SE) for five
estimators, (a) IPCW, (b) Gehan, (c) log-rank, (d) least-squares (Buckley-James),
and (e) NPMLE, are reported. For efficiency consideration, relative efficiency (RE)
is also calculated, where the reference (i.e., numerator) is the MSE (mean squared
error) of the IPCW estimator and the denominator is the MSE of the other comparative estimator. For the two rank-based methods, we used aftsrr function of the
aftgee package in R. We also use lss function of the lss package to implement
the Buckley-James estimator. For the IPCW estimator and NPMLE, we used our
own codes. As NPMLE involves a nonparametric kernel smoothing, it requires an
extra step to find the optimal bandwidth, such as cross-validation. Here, we use
Silverman’s rule for bandwidth approximation, which works well in our settings.
The results suggest that inference procedures, except for the IPCW, perform reasonably well across six scenarios with moderate sample size. The IPCW estimator
relatively works well when censoring rate is 20% but gets worse with larger biases
as censoring rate increases. Also, much heavier biases arise when the censoring variable follows uniform distribution rather than exponential distribution. Although the
IPCW method shows improved performance with large sample sizes, it is still sensitive to the censoring distribution and the amount of censoring. Thus, the IPCW
estimator should not be recommended unless data are sufficient with low levels of
censoring. Their results should be exploratory and examined with other approaches.
Overall, the Buckley-James estimator or the log-rank estimator appear to be most
efficient in terms of standard errors but they are relatively more computationally
expensive due to the iterative feature. The log-rank estimators are slightly more efficient than the Gehan estimators, but their gain is not much noticeable. By theory,
NPMLE is asymptotically the most efficient as it maximizes the nonparametric likelihood function. With finite samples, NPMLE may not achieve the smallest variances
and is expected to gain more efficiency as sample size increases.

IPCW
%Cen Par
Bias
SE
20%
β1 –0.046 0.090
β2 –0.031 0.202
40%
β1 –0.122 0.114
β2 –0.134 0.254
.5N (0, 1) + .5N (0, 9)
20%
β1 –0.156 0.200
β2 –0.127 0.414
40%
β1 –0.249 0.225
β2 –0.226 0.486
.95N (0, 1) + .05N (0, 9) 20%
β1 –0.059 0.105
β2 –0.046 0.210
40%
β1 –0.059 0.105
β2 –0.046 0.210
Exponential
20%
β1 –0.048 0.113
β2 –0.040 0.231
40%
β1 –0.139 0.142
β2 –0.123 0.328
Weibull(2, 1)
20%
β1 –0.041 0.077
β2 –0.021 0.127
40%
β1 –0.104 0.108
β2 –0.106 0.211
Weibull(.5, 1)
20%
β1 –0.153 0.248
β2 –0.208 0.549
40%
β1 –0.361 0.276
β2 –0.354 0.648
Inverse-Gaussian
20%
β1 –0.067 0.078
β2 –0.067 0.160
40%
β1 –0.095 0.099
β2 –0.094 0.202

Error
Distribution
N (0, 1)
Bias
0.011
0.010
0.001
0.004
–0.001
–0.014
–0.005
0.008
–0.001
0.001
–0.001
0.001
0.003
–0.005
0.003
–0.004
0.002
0.006
0.005
–0.005
–0.008
0.015
0.010
0.014
0.002
0.003
0.005
0.002

Gehan
SE
0.081
0.164
0.079
0.159
0.135
0.259
0.161
0.310
0.085
0.171
0.085
0.171
0.100
0.193
0.115
0.227
0.066
0.116
0.081
0.154
0.196
0.388
0.208
0.421
0.068
0.135
0.074
0.145
RE
1.530
1.543
4.437
3.259
3.536
2.777
4.342
2.986
1.994
1.587
1.994
1.587
1.499
1.474
2.986
2.380
1.756
1.237
3.425
2.341
2.216
2.292
4.747
3.074
1.629
1.480
3.448
2.357

Log-rank
Bias
SE
RE
0.018 0.082 1.452
0.004 0.176 1.349
0.007 0.086 3.735
0.002 0.172 2.777
0.004 0.157 2.630
–0.010 0.291 2.213
0.001 0.164 4.194
0.009 0.313 2.923
0.002 0.094 1.640
–0.002 0.185 1.349
0.002 0.094 1.640
–0.002 0.185 1.349
0.007 0.088 1.943
0.003 0.165 2.010
0.007 0.103 3.677
0.003 0.195 3.215
0.007 0.056 2.374
0.009 0.096 1.779
0.010 0.072 4.274
0.002 0.125 3.571
0.010 0.179 2.635
0.006 0.334 3.090
0.024 0.184 6.007
0.030 0.372 3.920
0.002 0.074 1.381
0.001 0.147 1.234
0.009 0.083 2.703
0.007 0.164 1.836

Least-squares
Bias
SE
RE
0.012 0.077 1.675
0.010 0.164 1.557
–0.002 0.078 4.641
0.001 0.153 3.508
–0.008 0.152 2.797
–0.018 0.306 1.988
–0.011 0.177 3.578
0.011 0.346 2.403
–0.004 0.089 1.806
–0.002 0.182 1.391
–0.004 0.089 1.806
–0.002 0.182 1.391
0.004 0.107 1.308
–0.003 0.214 1.202
0.004 0.120 2.741
–0.002 0.243 2.076
–0.002 0.069 1.574
0.006 0.120 1.147
0.006 0.083 3.269
–0.008 0.160 2.182
–0.013 0.211 1.907
0.021 0.423 1.918
–0.001 0.230 3.913
0.006 0.454 2.642
0.001 0.066 1.740
–0.002 0.129 1.605
0.002 0.072 3.591
0.003 0.141 2.482

NPMLE
Bias
SE
RE
0.019 0.084 1.358
0.019 0.175 1.343
0.024 0.086 3.548
0.026 0.176 2.590
0.017 0.138 3.317
0.013 0.270 2.565
0.038 0.167 3.837
0.047 0.327 2.633
0.009 0.090 1.762
0.014 0.179 1.439
0.009 0.090 1.762
0.014 0.179 1.439
0.025 0.103 1.349
0.016 0.196 1.423
0.042 0.122 2.378
0.039 0.228 2.297
0.012 0.069 1.523
0.021 0.114 1.230
0.042 0.085 2.505
0.037 0.153 2.255
0.044 0.215 1.710
0.048 0.424 1.854
0.076 0.257 2.749
–0.008 0.541 1.864
0.011 0.070 1.483
0.007 0.133 1.505
0.019 0.078 2.921
0.015 0.148 2.243

Table 3.1 Summary statistics for the simulation studies with n = 200. Censoring variables were generated from an exponential
distribution.
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IPCW
%Cen Par
Bias
SE
20%
β1 –0.099 0.130
β2 –0.087 0.204
40%
β1 –0.211 0.233
β2 –0.213 0.304
.5N (0, 1) + .5N (0, 9)
20%
β1 –0.195 0.260
β2 –0.179 0.387
40%
β1 –0.338 0.380
β2 –0.375 0.542
.95N (0, 1) + .05N (0, 9) 20%
β1 –0.121 0.154
β2 –0.116 0.228
40%
β1 –0.230 0.256
β2 –0.227 0.326
Exponential
20%
β1 –0.125 0.169
β2 –0.109 0.241
40%
β1 –0.293 0.323
β2 –0.273 0.383
Weibull(2,1)
20%
β1 –0.144 0.166
β2 –0.134 0.202
40%
β1 –0.103 0.130
β2 –0.097 0.174
Weibull(.5,1)
20%
β1 –0.073 0.206
β2 –0.075 0.418
40%
β1 –0.529 0.583
β2 –0.571 0.770
Inverse-Gaussian
20%
β1 –0.077 0.104
β2 –0.091 0.172
40%
β1 –0.160 0.182
β2 –0.177 0.238

Error
Distribution
N (0, 1)
Bias
0.008
0.006
0.008
0.007
–0.004
–0.023
–0.001
–0.016
0.001
–0.006
0.001
–0.007
0.007
0.007
0.011
0.004
0.005
0.004
0.008
0.003
0.005
0.004
0.018
0.017
0.006
–0.015
0.010
–0.013

Gehan
SE
0.085
0.163
0.092
0.172
0.133
0.268
0.145
0.293
0.082
0.176
0.090
0.171
0.102
0.201
0.121
0.227
0.066
0.131
0.063
0.115
0.178
0.364
0.225
0.464
0.069
0.137
0.077
0.135
RE
3.689
1.859
11.480
4.631
5.938
2.501
12.374
5.060
5.728
2.113
14.620
5.363
4.213
1.740
12.870
4.297
10.906
3.408
6.70
2.98
1.408
1.331
12.206
4.266
3.482
2.001
9.725
4.770

Log-rank
Bias
SE
RE
0.017 0.087 3.416
0.004 0.178 1.556
0.014 0.099 9.934
0.009 0.191 3.757
0.000 0.155 4.404
–0.022 0.299 2.019
0.000 0.150 11.517
–0.009 0.304 4.694
0.006 0.091 4.597
–0.008 0.192 1.775
0.007 0.096 12.874
–0.005 0.179 4.931
0.011 0.090 5.321
0.016 0.163 2.601
0.016 0.105 16.814
0.016 0.195 5.796
0.009 0.058 14.027
0.012 0.110 4.790
0.012 0.055 8.679
0.010 0.096 4.253
0.007 0.150 1.964
0.021 0.301 1.935
0.029 0.202 14.830
0.037 0.414 5.326
0.006 0.075 2.920
–0.004 0.150 1.692
0.013 0.088 7.401
0.003 0.152 3.817

Least-squares
Bias
SE
RE
0.008 0.082 3.911
0.007 0.161 1.909
0.005 0.091 12.004
0.006 0.172 4.652
–0.011 0.150 4.654
–0.025 0.313 1.843
–0.011 0.161 9.982
–0.017 0.331 3.964
–0.003 0.085 5.217
–0.009 0.188 1.854
–0.002 0.095 13.178
–0.010 0.185 4.623
0.006 0.111 3.545
0.009 0.221 1.431
0.012 0.129 11.343
0.005 0.247 3.637
0.003 0.071 9.481
0.003 0.137 3.100
0.006 0.068 5.822
0.002 0.124 2.589
0.006 0.197 1.149
0.004 0.419 1.004
0.021 0.246 10.187
0.017 0.508 3.560
0.003 0.066 3.796
–0.014 0.130 2.240
0.006 0.075 10.321
–0.011 0.130 5.186

NPMLE
Bias
SE
RE
0.021 0.091 3.094
0.020 0.174 1.603
0.031 0.103 8.582
0.036 0.190 3.701
0.014 0.138 5.519
–0.001 0.277 2.366
0.051 0.172 8.002
0.041 0.321 4.152
0.014 0.089 4.719
0.010 0.182 1.964
0.028 0.105 10.033
0.026 0.188 4.375
0.039 0.115 3.023
0.042 0.207 1.576
0.065 0.145 7.528
0.057 0.241 3.603
0.025 0.076 7.430
0.027 0.132 3.251
0.026 0.069 5.035
0.021 0.113 3.013
0.027 0.187 1.242
0.029 0.367 1.299
0.131 0.318 5.243
0.124 0.580 2.613
0.014 0.070 3.228
–0.011 0.133 2.136
0.026 0.084 7.581
–0.002 0.136 4.785

Table 3.2 Summary statistics for the simulation studies with n = 200. Censoring variables were generated from an uniform distribution.
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4. Discussion
In this paper, we have reviewed several estimating procedures for the AFT model
with censored data. Overall, rank-based approaches (Jin et al., 2003, 2006a) present
robust outcomes, which usually requires working on discontinuous estimating function. This might bring computational convergence issues with high-dimensional data.
Possible solutions include applying nonparametric kernel smoothing techniques to
the log-likelihood function (Zeng and Lin, 2007) or estimating function (Johnson
and Strawderman, 2009), so as to use standard optimization algorithms. However,
these approaches need an extra step to search optimal tuning parameter, such as
unknown bandwidth. The IPCW estimation can be very easily implemented within
least-squares framework, but is somehow very sensitive to distribution of censoring
and thus care should be exercised to interpret their results.
In this article, we do not discuss variance estimation of each parameter. The resampling approach offers valid inference but numerically intensive for large datasets.
On the other hand, the induced smoothing approach (Johnson and Strawderman,
2009) is attractive due to its computational efficiency. For NPMLE, the Fisher information matrix of the profile log-likelihood function can be used to derive a variancecovariance matrix. We also restrict our attention to univariate survival data, but
extensions to more complicated data, such as correlated survival data, competing
risks, time-dependent covariates, etc, are important topics. One might read Jin et
al. (2006b) and Jin (2016) for parts of such exploration. There are still many research problems, such as model checking, variable selection and efficient and reliable
software development for those problems.
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