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In many clinical trials with time-to-event outcomes there are interim analyses planned at pre-
specified event counts. It is of great value to predict when the pre-specified event milestones
can be reached based on the available data as the timeline for a study is essential to the study
sponsors and data monitoring committees for logistic planning purposes. Both parametric and
non-parametric approaches exist in the literature for estimating the underlining survival
function, based on which the predictions of future event times can be determined. The
parametric approaches assume that the survival function is smooth, which is often not the case
as the survival function usually has one or multiple change points and the hazard functions can
differ significantly before and after a change point. The existing non-parametric method bases
predictions on the Kaplan–Meier survival curve appended with a parametric tail to the largest
observation, and all of the available data is used to estimate the parametric tail. This approach
also requires a smooth survival function in order to achieve an accurate estimate of the tail
distribution. In this article, we propose a hybrid parametric, non-parametric approach to
predicting events in clinical trials with time-to-event outcomes. The change points in the
survival function are first detected, and the survival function before the last change point is
estimated non-parametrically and the tail distribution beyond the last change point is
estimated parametrically. Numerical results show that the proposed approach provides
accurate predictions for future event times and outperforms the existing approaches.
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1. Background

In many clinical trials with time-to-event outcomes there
are interim analyses planned at pre-specified event counts. It
is of great value to predict when the pre-specified event
milestones can be reached based on available data as the
timeline for a study is essential to the study sponsors and data
monitoring committees involved for logistic planning pur-
poses. Both parametric and non-parametric approaches have
been proposed in the literature to estimate the underlining
survival function for the patient population under study,
which is essential to the predictions of arrival times of future
events. The parametric approaches are based on either the
exponential model for the survival function as proposed by

Bagiella and Heitjan [1] or the Weibull distribution as in Ying
and Heitjan [2].

The parametric approaches assume that the underlining
survival function is smooth and can be accurately estimated by
a parametric function with 1 or 2 parameters, which are often
not the case as the survival functions usually have one or
multiple changes points and the hazard functions can differ
significantly before and after a change point. For example, for
hospitalizedpatientswithamajor cardiovascular adverse event
(MACE) the risk of having another MACE is of the greatest
during theweeks post the first event while the patient is still in
the hospital. The risk will be lower between the release from
thehospital and about oneyearpost the event, and itwill be the
lowest beyond one year of the first event (see e.g. Ref. [3]). As a
result, the survival function for patients who just had a MACE
can have multiple change points. Another example is given in
Goodman et al. [4] where they identified two change points in
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the survival function for prostate cancer mortality for men
diagnosed between 1973 and 2002.

Ying et al.[5] proposed a non-parametric method that
bases predictions on the Kaplan–Meier [6] survival curve.
This non-parametric approach does not assume a smooth
survival function but the stepwise estimate for the tail part of
the survival function has relatively larger variances and is
thus unreliable. In addition, the Kaplan–Meier estimate does
not extend beyond the largest observation available. Ying et
al. considered appending a parametric tail to the largest
observation that declines to zero and they proposed to use all
of the available data to estimate the parametric tail. This
approach does not address the issue that the tail part of the
Kaplan–Meier estimate is unreliable. More importantly, as
for the parametric approaches the estimation of the
parametric tail is based on all of the available data and as a
result will be inaccurate when the survival function is not
smooth.

The rest of the paper is structured as follows. In Section 2,
we propose a hybrid parametric, non-parametric two-step
approach to predicting events in clinical trials with time-to-
event outcomes. In the first step, the change point algorithm
proposed by Goodman et al.[4] for approximating the
survival function with piecewise exponential distributions
will be applied to the available data to identify the change
points in the underlying survival function. In the second step,
the survival function before the final change point will be
estimated by the Kaplan–Meier estimate, and the tail of the
survival function beyond the final change point will be
estimated parametrically and extrapolated via the exponen-
tial model. We also generalized the change point detection
approach of Goodman et al.[4] to piecewise Weibull
distributions, which has the exponential distribution as a
special case. This hybrid approach takes advantage of the fact
that the non-parametric Kaplan–Meier estimate provides a
relatively more accurate estimate for the initial part of the
survival function.More importantly, the parametric estimate
for the tail distribution is obtained with only the data that
falls in the final piece of the survival function. When no
change points are detected the proposed algorithm essen-
tially reduces to either the parametric or non-parametric
approaches available in the literature and thus the proposed
approach can be viewed as a generalization of the existing
approaches. Numerical results based on simulated clinical
trials are given in Section 3, which show that the proposed
approach can accurately predict when the pre-specified
event counts can be reached and is thus useful in practice.
Some discussions and concluding remarks are given in
Section 4.

2. Methods

An accurate estimate for the tail of the survival function is
essential to the prediction for the arrival of future events. For
example, suppose that at a certain point of a clinical trial a
total of N patients have been enrolled and enrollment is
closed for the study. Suppose that n events have been
observed at this point and there are still M patients in the
study who have been followed for the time ti, i=1, …, M and
have not experienced an event yet. Given the survival
function S(t) the expected time T that it takes to observe

another m(bM) events can be solved from the equation
below:

∑
M

i=1
P an event between ti and ti + T jno event up to time tið Þ

= ∑
M

i=1

S tið Þ−S ti + Tð Þ
S tið Þ = m: ð1Þ

As a result, in cases where some of the survival functions S
(ti) are relatively small the estimate for T may have a large
bias if the tail of the survival function S(t) cannot be
accurately estimated. Similarly, if a trial is still open to
enrollment and up to K additional patients may be enrolled in
the study with expected arrival times a1≤…≤aK, the
expected time T can be solved from the equation below:

∑
M

i=1

S tið Þ−S ti + Tð Þ
S tið Þ + ∑

K Tð Þ

i=1
1−S T−aið Þf g = m: ð2Þ

where K(T) denotes the number of ai's that are no larger than
T.

Goodman et al.[4] proposed an approach to detecting
multiple change points in survival functions and to approx-
imating a survival function with piecewise exponential
distributions. Let X1, …, Xn denote independent and identi-
cally distributed survival times, C1, …, Cn be the censoring
times which are assumed to be independent of the survival
times. Only the pairs (Ti, δi), i=1, …, n are observed, where
Ti=min(Xi, Ci) and δi= I{Ti≤Ci}. They proposed to use the
following change point model to estimate the survival
function S(t):

λ tð Þ =
α1 0≤t≤τ1
α2 τ1≤t≤τ2
⋮

αk+1 t N τk;

8>><
>>:

where λ(t) is the hazard function, 0=τ0bτ1b…bτk+1=∞
are the change points, k is the number of change points in the
model that will be determined in a data-driven way, and αj is
the value of the hazard function between the time points τj−1

and τj.
Goodman et al. proposed to obtain the estimates for the

parameters via maximizing the following log profile likeli-
hood function:

log L α1;…;αk+1; τ1;…;τk
� �

= ∑
k+1

j=1
X τj
� �

−X τj−1

� �h i
logαj

− ∑
n

i=1
∑
k+1

j=1
αj Ti∧τj−Ti∧τj−1

� �
;

where X(t) is the number of events observed up to time t.
They showed that the maximum likelihood estimates τ̂j's for
τj's can be obtained via maximizing

∑
k+1

j=1
X τj
� �

−X τj−1

� �n o
log

X τj
� �

−X τj−1
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∑n

i=1 Ti∧τj−τj−1
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