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Analysis of safety data in clinical trials using a
recurrent event approach
Qi Gong,a Barbara Tong,b Alexander Strasak,c and Liang Fangd*

As an important aspect of the clinical evaluation of an investigational therapy, safety data are routinely collected in clinical
trials. To date, the analysis of safety data has largely been limited to descriptive summaries of incidence rates or contingency
tables aiming to compare simple rates between treatment arms. Many have argued that this traditional approach failed to
take into account important information including severity, onset time, and multiple occurrences of a safety event. In addition,
premature treatment discontinuation due to excessive toxicity causes informative censoring and may lead to potential bias
in the interpretation of safety events. In this article, we propose a framework to summarize safety data with mean frequency
function and compare safety events of interest between treatments with a generalized log-rank test, taking into account the
aforementioned characteristics ignored in traditional analysis approaches. In addition, a multivariate generalized log-rank
test to compare the overall safety profile of different treatments is proposed. In the proposed method, safety events are con-
sidered to follow a recurrent event process with a terminal event for each patient. The terminal event is modeled by a process
of two types of competing risks: safety events of interest and other terminal events. Statistical properties of the proposed
method are investigated via simulations. An application is presented with data from a phase II oncology trial. Copyright ©
2014 John Wiley & Sons, Ltd.
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1. INTRODUCTION

In contemporary clinical trials of therapeutic agents, safety data
are routinely collected, and frequently, safety evaluation consti-
tutes a critical aspect of the clinical trial. It is estimated that
70–80% of information collected in clinical trials are related to
safety measures [1]. In contrast, research on safety data anal-
ysis methods remains quite limited to date. As stated in the
‘ICH E9: Statistical Principles for Clinical Trials’ (www.ich.org), the
most common method to analyze safety data is to calculate and
compare the crude incidence rate of patients who experience a
specific safety event. In some cases, univariate contingency table
analysis, including Chi-square or Fisher’s exact test, is additionally
performed for statistical inference. Although appealing for sim-
plicity and ease of communication, this approach ignores several
aspects of safety data and thus may result in inconclusive, limited
information regarding the safety profile of an intervention.

In a clinical trial, safety data are usually collected during a pre-
specified time period, for example, from enrollment until 30 days
after the last treatment dose, with different safety parameters
including adverse events (AEs) and laboratory tests. One major
challenge in safety data analysis thus is to appropriately reduce
data dimensionality in analyses while still providing an accurate
and relevant characterization of the safety profile for a therapeu-
tic agent. In addition, as every safety event is multifaceted and
measured with onset time, severity, and frequency, it is important
to consider not only its rate of incidence but also information on
timing, severity, and frequency, in order to comprehensively eval-
uate the impact on patients receiving the investigational therapy.
Finally, informative censoring due to patients discontinuing treat-
ment early may introduce an additional source of bias if not han-

dled properly in analyses [2]. The aforementioned challenges in
safety data analysis were recognized but only partially addressed
in the literature. Amit et al. [3] proposed graphic approaches to
analyzing multifaceted safety data. Berry and Berry [4] addressed
the multiplicity issue in assessing drug safety with a three-level
hierarchical mixture model. Herein, we propose a new framework
to analyze safety data with a recurrent event approach. This article
primarily focuses on analyzing cumulative incidence rate rather
than duration of safety events.

In safety data analysis, one can consider safety events as multi-
ple categories of recurrent events with a terminal event. Figure 1
displays an example of formulating safety data into a recurrent
event analysis framework in an oncology clinical trial. Specifically,
safety data may be classified into a set of prespecified categories
of events of interest, such as grades 1–4 peripheral neuropa-
thy, grades 2–4 fatigue, and so on, each following a recurrent
event process. The terminal event is the discontinuation of study
treatment, which typically marks the end of main safety data col-
lection period in a clinical trial. In oncology studies where patients
are treated until disease progression, the reason for treatment
discontinuation may be one of the following: disease progres-
sion, death, patient’s or physician’s decision to withdraw from
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Figure 1. An oncology example of analyzing safety data under recurrent event framework. AESI, adverse events of special interest; ECHO, echocardiogram; SESI, safety event
of special interest.

treatment because of nontoxicity reasons, or an AE that leads
to treatment discontinuation. Based on the reason for treatment
discontinuation, terminal events can be separated into safety
events of special interest and other terminal events, and should
be treated differently in the recurrent event analysis. Safety data
from non-oncology trials can be formulated into this framework
in a similar fashion.

Statistical methods for recurrent event analysis have been con-
tinuously developed in the past two decades [5–7] and, in more
recent years, accommodate informative censoring due to ter-
minal events. Cook and Lawless [8] developed a nonparametric
estimate of mean frequency function of recurrent events. Ghosh
and Lin [9] derived generalized log-rank tests to compare two
mean frequency functions. Chen and Cook [10] extended the gen-
eralized log-rank test to analyze multiple types of recurrent events
with a multivariate test. Nishikawa et al. [3] applied competing risk
analysis to safety data to address informative censoring, although
only considering the first event of a sequence of possible recur-
rent events. The fact that a safety event can occur repeatedly
was recently addressed by Guttner et al. [11] in a stratified Cox
regression model for recurrent events.

While previous work in the field of recurrent event analysis
mostly treated all terminal events equally in correcting for bias
due to informative censoring, we believe it is necessary in safety
data analysis to differentiate two types of terminal events: safety
events of interest that not only terminate the process but also are
included in the comparison of safety profiles between treatment
groups versus other events that are only included to correct bias
due to informative censoring. For example, if the main objective
of safety analysis is to compare all hepatotoxicity related events
between two treatment groups, the hepatotoxicity related events
leading to treatment discontinuation or death are included in
the analysis for both treatment comparison and bias correction
of informative censoring purposes, while other events leading to
treatment discontinuation or death are only included to correct
bias due to informative censoring.

In this article, we extend the methods in [8–10] to handle the
two types of terminal events differently when analyzing safety
data with a recurrent event analysis approach. The specific objec-
tives of this article are (1) to introduce mean frequency function
as a viable measure of safety profile under the framework of recur-

rent event analysis; (2) to formulate a generalized log-rank test to
compare the mean frequency function of safety events of inter-
est between two groups; and (3) to investigate a multivariate test
for comparison of the global safety profile between two treat-
ment groups. Section 2 presents the notations and methods of
recurrent event analysis in safety data analysis. In Section 3, a
simulation study is performed to investigate the inferential prop-
erties of the proposed statistics. Finally, the proposed methods
are applied to a real dataset in Section 4. Discussion and summary
are provided in Section 5.

2. NOTATIONS AND METHODS

2.1. Mean frequency function and cumulative incidence rate

Let DSI
i and DO

i denote the time of termination (e.g., treatment
discontinuation) caused by a safety event of interest and other
reasons, respectively. These two types of terminal events are often
correlated with recurrent safety events, and only one type of ter-
minal events can occur for subject i. Let Di D min.DSI

i , DO
i / be the

time of treatment discontinuation for subject i. Denote N�ki.t/.k D

1, : : : , K/ as the number of safety events of the kth category that
occur up to time t for subject i. Let the first K-1 categories of
events be the recurrent events and N�Ki.t/ be the number of termi-
nal event for subject i, up to time t, for which the value can only
be 0 or 1. In Figure 1, safety events in category 1 to K-1 are the AEs
of special interest, lab events of special interest, and ECHO events,
while the terminal events of interest (category K/ are the events
leading to treatment discontinuation that are of interest for treat-
ment evaluation. Denote censoring time as Ci . The observed data
are fXi , Nki.�/, ıig, where Xi D min.Di , Ci/, Nki.t/ D N�ki.t/I.Xi > t/,
and ıi D I.Di 6 Ci/. Let Yi.t/ D I.Xi > t/ be the at-risk
indicator. We also assumed that there exists a time � such that
P.Xi > �/ > 0.

For the recurrent safety events of interest (i.e., k D 1, 2, : : : , K-1
event category), let

�k.t/ D

Z t

o
S.u/dRk.u/, (1)
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be the mean frequency function, where S.t/ is the survival func-
tion of time to Di , and Rk.t/ is the cumulative incident rate func-
tion for the safety events of category k. �k.t/ can be estimated
by O�k.t/ D

R t
o
OS.u/d ORk.u/, where OS.t/ is the Kaplan–Meier estima-

tor of terminal event, and ORk.t/ is the Nelson–Aalen estimator for
Rk.t/. The Nelson–Aalen estimator is a nonparametric estimator
of the cumulative hazard rate function for censored or incomplete
data. The Nelson–Aalen estimator is given by

P
ti6t

di
ni

, with di as the

number of events at ti and ni the total number of subjects at risk
at ti . The mean frequency function can be interpreted as the mean
cumulative number of recurrent events up to a time point t.

For the terminal event of interest, similarly,

�K .t/ D

Z t

o
S.u/dRK .u/, (2)

where RK .t/ is the cumulative incident rate function for the termi-
nal event of interest. Similarly �K .t/ can be estimated by O�K .t/ DR t

o
OS.u/d ORK .u/, where ORK .t/ is the Nelson–Aalen estimator

for RK .t/.
Following Ghosh and Lin [9], we have

p
n f O�k.t/ � �k.t/g D n�1=2

Xn

iD1
 ki.t/C op.1/,

where n is the sample size, ki.t/ are independent and identically
distributed (i.i.d.) terms .i D 1, : : : , n/with

 ki.t/ D

tZ
0

S.u/dMki.u/

�.u/

�

tZ
0

f�k.t/ � �k.u/g dMD
i .u/

�.u/ ,
.k D 1, : : : , K/,

�.t/ D P.Yi.t/ D 1/,

Mki.t/ D Nki.t/ �

Z t

0
Yi.u/dRk.u/, .k D 1, : : : , K/,

MD
i .t/ D ND

i .t/ �

Z t

0
Yi.u/dƒ

D.u/.

Herein, ND
i .t/ is the observed indicator of treatment discon-

tinuation (due to a safety event of interest or other reasons)
Di , and ƒD.t/ is the cumulative hazard function of Di . Then,
p

n f O�k.t/ � �k.t/g , .k D 1, : : : , K/ converges weakly to a mean-
zero Gaussian process with a covariance estimated by

O�k.s, t/ D n�1
Xn

iD1
O ki.s/ O ki.t/,

where O ki.t/ is the empirical counterpart of  ki.t/. To construct
the pointwise confidence interval for �k.t/, we chose the log-
arithm transform logf�k.t/g, because �k.t/ is nonnegative. The
asymptotic distribution of n1=2Œlogf O�k.t/g�logf�k.t/g� is approx-
imately equal to the one of n1=2f O�k.t/ � �k.t/g = �k.t/ when
�k.t/ > 0. Then, an approximate .1 � ˛/ confidence interval for
�k.t/ is given by

O�k.t/ exp
n
˙n�1=2z˛=2

O�
1=2
k .t, t/= O�k.t/

o
.

2.2. Generalized log-rank test

To compare the mean frequency functions between two groups,
let �kl.t/ be the mean frequency function of the kth category of
safety events .k D 1, : : : , K/ in the lth group (l D 0, 1). Define
covariate zi D 1 for subjects in the treatment group and 0 for
those in the control group. A log-rank test statistic to test the
difference in the mean frequency function of the kth category
of safety events between the two groups can be constructed
based on

Qk D

r
n0n1

n

Z �

0
W.t/d f�k1.t/ � �k0.t/g , (3)

where nl is the sample size of group l,

W.t/ D
�0.t/�1.t/

�.t/
,

�l.t/ D P.Yi.t/ D 1, zi D l/,

�.t/ D �0.t/C �1.t/.

By replacing the quantities with their empirical counterparts,
we have

OQk D

r
n0n1

n

Z �

0

OW.t/d f O�k1.t/ � O�k0.t/g ,

where OW.t/ D n0.t/n1.t/
n.t/

n
n0n1

and n0.t/ D
nP

iD1
I.zi D l/Yi.t/.

Following Ghosh and Lin (2000), we can show that

p
nl f O�kl.t/ � �kl.t/g D n�1=2

l

Xn

iD1
 kli.t/I.zi D l/C op.1/,

where  kli.t/ are i.i.d. terms .i D 1, : : : , n/with

 kli.t/ D

tZ
0

Sl.u/dMkli.u/

�.u/

�

tZ
0

f�kl.t/ � �kl.u/g dMD
i .u/

�.u/ ,
.k D 1, : : : , K/,

Mkli.t/ D Nkli.t/ �

Z t

0
Yi.u/dRkl.u/, .k D 1, : : : , K/,

where Nkli is the count function for the kth adverse event (AE) in
the ith patient of the lth group, and Rkl is the cumulative incidence
rate function.

The null hypothesis for testing the overall treatment effect on
kth types of safety events is

H0 : �k0.t/ D �k1.t/, 0 < t 6 � .

Under the null hypothesis, following Chen and Cook [10], OQk

asymptotically follows a normal distribution with mean zero and
variance var. OQk/, which is consistently estimated by

var. OQk/ D
1

n

1X
lD0

n1�l

nl

2
64

nX
iD1

8<
:

�Z
0

OW.t/d O kli.t/

9=
;

2

I.zi D l/

3
75 .
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2.3. Multivariate log-rank test for global assessment

The null hypothesis for testing the overall treatment effect on all
K types of safety events is

H0 : �k0.t/ D �k1.t/, k D 1, : : : , K , 0 < t 6 � . (4)

Under the null hypothesis, following Chen and Cook [10], OQ D
. OQ1, : : : , OQK /

0 asymptotically follows a multivariate distribution
with mean zero and covariance matrix†, where the .j, k/ entry of
† is consistently estimated by

cov. OQj , OQk/ D
1

n

1X
lD0

n1�l

nl

2
4 nX

iD1

8<
:

�Z
0

OW.t/d O jli.t/

�Z
0

OW.t/d O kli.t/

9=
; I.zi D l/

3
5 .

Let NQk D OQk=

q
var. OQk/ be the standardized form of the test

statistics, OQk . A weighted test statistics could be obtained by

OQ! D !1 NQ1 C !2 NQ2 C : : :C !K NQK , (5)

where the weights satisfy !1 C !2 C � � � C !K D 1. Let ! D
.!1,!2, � � � ,!K /

0. The variance estimate can be obtained by

var. OQ!/ D !
0
n

diag. O†/
o�1=2

O†
n

diag. O†/
o�1=2

!.

The weighs, !, can be determined in various ways based on clini-
cal context. Often times, safety events are assessed with a scale of
severity. For example, in an oncology clinical trial setting, the AEs
and laboratory events are classified into grades 1–5 per National
Cancer Institute-Common Terminology Criteria for Adverse
Events (NCI-CTCAE) grading system. Grade 1 represents mildest in
severity, and Grade 5 means highest severity, that is, death due
to toxicity. In non-oncology clinical trials, similar grading systems
exist. Therefore, to account for severity of the safety events in the
evaluation of a treatment effect, one can weight different grades
of events according to their numeric grade. Importantly, because
the determination to weights involves a level of subjectivity
that reflects the researcher’s belief on different types of safety
events, the outcomes of the multivariate log-rank test should
be confirmed with sensitivity analyses, for example, by varying
weight assignments.

3. SIMULATION STUDY

We investigated the statistical performance of the proposed
methods in a simulation study. Without loss of generality, we sim-
ulated four categories of recurrent safety events of interest and
two categories of terminal events: treatment discontinuation due
to one of the four safety events and treatment discontinuation
due to other reasons. In other words, we set K as 5 in (1) and (2).

The recurrent events were assumed to follow a Poisson process
with rate

�ki .tjvi , zi/ D �k0.t/ exp
�

z0iˇk C vi
�

, i D 1, : : : , n, k D 1, : : : , 4,

where �k0.t/ was a baseline hazard function. vi modeled the
subject-level heterogeneity in the rate of safety events among

subjects within the same treatment group as well as the correla-
tions among the four categories of recurrent safety events. Time
to terminal event of interest, denoted as D5

i , was generated from
an exponential distribution with hazard function

�5i.tjui , zi/ D .�50 C ui/e
ziˇ5=2

and survival function

S5.tjui , zi/ D exp
n
�.�50 C ui/e

ziˇ5 t=2
o

,

where zi was 1 for treatment and 0 for control, and ˇ5 was the
treatment effect on D5

i . Without loss of generality, we also gener-
ated time to treatment discontinuation due to other reasons, DO

i ,
from the same distribution, with hazard function

�O
i .tjui , zi/ D .�50 C ui/e

ziˇ5=2

and survival function

SO.tjui , zi/ D exp
n
�.�50 C ui/e

ziˇ5 t=2
o

.

Therefore, the time to treatment discontinuation for subject
i Di D min.D5

i , DO
i / followed an exponential distribution with

survival function

S.tjui , zi/ D exp
n
�.�50 C ui/e

ziˇ5 t
o

.

ui represented the heterogeneity in the treatment discontinua-
tion rate among subjects in the same group and also the cor-
relation between two types of terminal events. The association
between recurrent events and terminal event was described by
� D corr.ui , vi/.

�
ui

vi

�
� N

��
0
0

�
,

�
	2

1 �	1	2

�	1	2 	2
2

��
.

Because of the shared frailties, the death event is an informative
censoring to safety events, which mimics the real data. One of
the advantages of our approach is that the proposed estimator
accounts for informative censoring by including the survival func-
tion of the terminal events. The independent censoring time Ci

was generated from an exponential distribution with mean a, the
value of which varied to achieve different percentages of censor-
ing. The earlier parameter setting allowed us to derive the true
values of �kl.t/ analytically as the following:

�kl.t/D

Z �1
�1

Z �1
�1

�kl.tjui , vi/f .ui , vi/duidvi , kD1, : : : , 5, lD0, 1,

with respect to .ui , vi/, where

�kl.tjui , vi/ D

Z t

o
Sl.ujui/dRkl.ujvi/

Sl.tjui/ D S.tjui , zi D l/

dRkl.tjvi/ D �ki.tjvi , zi D l/dt.

In the simulation study, 200 patients were randomly assigned to
treatment and control groups with an allocation ratio of 1:1. With-
out loss of generality, all times were capped at � D 1. Other
parameter settings were as follows:
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Table I. Percent bias (%) of mean frequency estimates in the simulation study.

AE category, � D 0.25 AE category, � D 0.75

ˇ1,ˇ2 ˇ3,ˇ4 ˇ5 Censor % 1 2 3 4 5 1 2 3 4 5

0 0 0 25 �0.1 0.1 �0.2 �0.4 0.5 0.1 �0.1 0.1 0.3 �0.1
ln.0.5/ 0 0 25 0.3 0.2 �0.1 �0.3 �0.1 �0.1 �0.2 �0.2 0.1 �0.4
0 ln.0.5/ ln.0.5/ 25 0.2 0.3 �0.1 0.5 �0.1 �0.1 0.2 �0.1 0.1 0.2
ln.0.5/ ln.0.5/ ln.0.5/ 25 0.2 0.1 �0.6 0.3 �0.4 0.3 �0.1 0.1 �0.4 �0.2
0 0 0 50 0.3 0.1 �0.1 0.1 �0.3 0.2 �0.3 0.3 �0.3 0.2
ln.0.5/ 0 0 50 �0.1 0.1 �0.1 �0.1 �0.1 �0.4 0.1 �0.4 0.5 �0.5
0 ln.0.5/ ln.0.5/ 50 �0.1 �0.2 0.1 0.1 �0.2 0.1 0.3 �0.3 �0.2 �0.4
ln.0.5/ ln.0.5/ ln.0.5/ 50 0.7 0.2 1.0 0.3 0.5 �0.1 �0.7 �0.1 �0.1 �0.1

Bias D 100% � .estimated value � true value//true value.
AE, adverse event.

Table II. Coverage probability (%) of the 95% confidence interval of the mean frequency
estimates in the simulation study.

AE category, � D 0.25 AE category, � D 0.75

ˇ1,ˇ2 ˇ3,ˇ4 ˇ5 Censor % 1 2 3 4 5 1 2 3 4 5

0 0 0 25 94 93 93 93 95 94 95 94 94 96
ln.0.5/ 0 0 25 93 94 93 94 93 95 94 95 94 95
0 ln.0.5/ ln.0.5/ 25 98 98 97 97 97 98 97 97 97 98
ln.0.5/ ln.0.5/ ln.0.5/ 25 98 97 97 98 98 98 98 97 98 98
0 0 0 50 93 93 92 93 95 89 89 89 88 91
ln.0.5/ 0 0 50 89 91 91 89 91 91 88 91 90 92
0 ln.0.5/ ln.0.5/ 50 96 96 98 97 98 97 97 97 97 97
ln.0.5/ ln.0.5/ ln.0.5/ 50 96 98 98 97 97 97 97 97 96 98

AE, adverse event.

	1 D 	2 D 0.3,

�10.t/ D �20.t/ D 8,

�30.t/ D �40.t/ D 4,

�50 D 2.

In addition, we set ˇk D ln.0.5/, k D 1, : : : , 4 for treatment effect
of recurrent events, ˇ5 D ln.0.5/ for treatment effect for terminal
event, and � D 0.25 or 0.75 for the correlation between the ter-
minal and recurrent events. For the multivariate test statistics (5),
two sets of weight were chosen to be

!I D . 1, 2, 3, 4, 5 /0=15

!II D . e, e2, e3, e4, e5 /0=.eC e2 C e3 C e4 C e5/.

For each set of simulation parameters, 1000 simulations are run.
Thus, the bias is calculated by O�kl.�/��kl.�/. The (1�˛/% cov-

erage probability is the percentage of true value�kl.�/ falling in

interval O�kl.�/ expf˙n�1=2
l z˛=2

O�
1=2
kl .� , �/= O�kl.�/g. The type I error

rate is calculated as the percentage of rejecting the null hypoth-

esis based on the Z-test. That is, rejecting H0 if j OQk=

q
var. OQk/j >

z˛=2.k D 1, : : : , 5/ or j OQ!=
q

var. OQ!/j > z˛=2. Again, the (1 � ˛/
confidence interval of�kl.�/ is based on logarithm transform and

is given by O�kl.�/ expf˙n�1=2
l z˛=2

O�
1=2
kl .� , �/= O�kl.�/g. ˛ is chosen

to be 0.05.

Table I shows the bias percentage, defined as bias divided by

true value, of the mean frequency estimate of categories 1–5 AE

in the treatment arm under difference scenarios. The mean fre-

quency estimate was in general unbiased, with estimated percent

biases close to 0 (�0.7–1.0%) in the simulation study. Table II pro-

vides the coverage probability of the mean frequency estimate of

categories 1–5 AEs in the treatment arm. In most cases, the cov-

erage probabilities were close to the desired level 95%. When the

censoring rate is high (50%), the estimated coverage probabili-

ties were lower than the targeted 95% level by a range of 1–7%

for a few scenarios. This is likely due to high censoring rate. When

doubling the sample size, the coverage probability was very close

to 95% (data not shown). Type I error rates of the generalized

log-rank tests for both univariate and multivariate tests are pro-

vided in Table III. The type I error rates were controlled at 5% level

for all cases with a highest value of 6.5%. Power of the generalized

log-rank tests was also calculated and in line with our expecta-

tion (data not shown). In practice, the power can be obtained

through a simulation study similar to ours because it is a fac-

tor of multiple factors, including size of treatment effect, number

of events, mean frequency of recurrent and terminal events, and

weighs of different types of safety events in the multivariate gen-

eralized log-rank test. In summary, we concluded that the derived

asymptotic was valid.1
4

0
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Table III. Type I error rate of the generalized log-rank tests in the simulation study.

� D 0.25 � D 0.75

Generalized log-rank test Censor, 25% Censor, 50% Censor, 25% Censor, 50%

Univariate, category 1 4.2 4.4 5.2 5.0
Univariate, category 2 5.1 5.2 4.4 4.8
Univariate, category 3 4.7 5.2 5.6 6.5
Univariate, category 4 4.9 6.2 3.4 4.7
Univariate, category 5 4.8 4.4 6.4 5.5
Multivariate, weight 1 4.6 5.2 3.1 6.0
Multivariate, weight 2 5.1 5.9 3.2 6.2

Time From First Dose of Study Drug (months)

Figure 2. Mean frequency functions of the five types of safety events of interest in the example.

4. EXAMPLE

We applied the proposed methods to analyze a real dataset from
an oncology clinical trial. This is a randomized two-arm study to
compare an investigational agent to a standard-of-care therapy in
patients with metastatic breast cancer. In this study, 130 patients
were randomly assigned to receive treatment or control at a 1:1
allocation ratio. Safety data, including AEs, laboratory tests, and
other safety parameters such as Electrocardiogram (ECG) and Left
ventricular ejection fraction (LVEF) evaluations, were collected on
a regular basis until 30 days after the last dose of study treatment.
Reasons for treatment discontinuation could be death, disease
progression, patient or physician decision, or excessive toxicity,
whichever occurs first. Because of the trial sponsor’s confidential-
ity policy, we masked the AE dataset used for this example by
swapping treatment assignment for 10% of the study patients.

4.1. Primary analysis: chemotherapy-induced adverse events
and adverse events leading to treatment discontinuation

In the safety analysis of this study, the primary questions
of interest were whether the treatment arm had (1) less
chemotherapy-induced AEs or (2) less AEs leading to treat-
ment discontinuation, compared with the control arm. The key
chemotherapy-induced AEs are as follows: anemia, peripheral

neuropathy, neutropenia, and leukopenia. The AE collection
period is from randomization date to 30 days after drug discon-
tinuation. Treatment discontinuation due to AEs and that due to
other reasons are the two types of terminal events.

Figure 2 and Table IV summarize the analysis results based on
the proposed method. The treatment arm significantly reduced
the frequencies of peripheral neuropathy, neutropenia, and
leukopenia, while had similar frequencies of anemia and AEs lead-
ing to treatment discontinuation. Figure 2 displayed the pattern
of the occurrence of these AEs. For patients in the control arm,
most chemotherapy-induced AEs occurred within 9 months of
treatment, which was approximately equal to the median dura-
tion of chemotherapy. The occurrence of chemotherapy-induced
AEs in the treatment arm did not reveal any notable pattern and
was generally low.

This example demonstrated that the mean frequency func-
tion and its graphic display as in Figure 2 were useful to reveal
the multifaceted information and pattern of safety data, and the
proposed generalized log-rank tests provided a way to compare
the safety data between two groups, adjusting for informative
censoring.

The multivariate test was not preformed since assigning
weights to different chemotherapies was not clinically inter-
pretable, and the primary interest was to investigate each type of
chemotherapies.
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Table IV. Summary of analysis results in the example.

Control arm Treatment arm Difference p-value

Mean Mean Mean Mean
AE category frequency 95% CI frequency 95% CI frequency 95% CI frequency 95% CI

Anemia 0.3 (0.3, 0.3) 0.3 (0.3, 0.3) 0.0 (�0.1, 0.1) 0.39 Not
performed

Peripheral neuropathy 0.3 (0.3, 0.3) 0.1 (0.1, 0.2) �0.1 (�0.2,�0.0) < .001
Leukopenia 0.9 (0.8, 0.9) 0.2 (0.2, 0.2) �0.7 (�0.9,�0.4) < .001
Neutropenia 1.8 (1.7, 1.8) 0.3 (0.3, 0.3) �1.5 (�1.9,�1.0) < .001
AE leading to treatment discontinuation 4.3 (4.2, 4.4) 4.0 (3.8, 4.2) �0.3 (�1.9, 1.3) 0.21

Grade 1 11.7 (11.3, 12.0) 13.6 (13.0, 14.2) 1.9 (�3.4, 7.2) 0.92 < 0.001�

Grade 2 5.1 (5.0, 5.3) 5.1 (4.9, 5.3) 0.0 (�2.0, 2.0) 0.49 < 0.001�

Grade 3 2.6 (2.5, 2.6) 1.3 (1.2, 1.3) �1.3 (�2.0,�0.6) < .001
Grade 4 1.3 (1.2, 1.3) 0.1 (0.1, 0.1) �1.2 (�1.5,�0.9) < .001
Grade 5 0.07 (0.06,0.08) 0.01 (0.01, 0.02) �0.06 (�0.1, 0.0) 0.19

AE, adverse event.

�Based on weight set 1: !I D .1, 2, 3, 4, 5/0=15.
�Based on weight set 2: !II D .e, e2, e3, e4, e5/0=.eC e2 C e3 C e4 C e5/.

′′ + + + +==1 1 2 3 4 5 15

Figure 3. Mean frequency functions of grades 1–5 adverse events (AEs) in the example.

4.2. Exploratory analysis: overall profile of adverse events
and adverse events by severity

An exploratory objective of the safety analysis was to investi-
gate whether the overall safety profile measured by the AE data
was superior in the treatment arm. To answer this question, we
applied the multivariate log-rank test as described in Section 2.3.
All reported AEs were classified into one of the five categories
per its NCI-CTCAE grade. Subsequently, increasing weights were
assigned to the five AE groups with the lowest weight assigned
to the group with NCI-CTCAE grade one, and the multivariate
test comparing the two treatment groups was performed. To ver-
ify the robustness of the analysis outcomes, two sets of weights
were applied. The analyses indicated that patients in the treat-

ment arm experienced significantly less frequent AEs (p < 0.001,
Table IV), regardless of the choices of weights. Thus, it was con-
cluded that the overall profile of AEs was significantly better in the
treatment arm.

In addition, other questions of interest included whether the
treatment arm had significant reduction in different grades of
AEs, how quickly the AEs occurred, and what was the general
pattern of the AEs. Mean frequency functions were estimated as
described in Section 2.1 for grades 1–5 events and are plotted in
Figure 3. The generalized log-rank test as described in Section 2.2
was applied to each grade group to compare AEs of a particular
grade between the two treatment arms. Patients in the treat-
ment arm experienced significantly less frequent graded 3 and
4 AEs (p < 0.001) but similar frequency of grades 1, 2, and 51

4
2

Copyright © 2014 John Wiley & Sons, Ltd. Pharmaceut. Statist. 2014, 13 136–144



Q. Gong et al.

AEs (Table IV, p D 0.92, 0.49.0.19, respectively). Patients in the
treatment arm experienced, on average, 13.6 grade 1, 5.1 grade
2, 1.3 grade 3, 0.1 grade 4, and 0.01 grade 5 AEs, when they were
treated with the drug. In the control arm, patients experienced
an average of 11.7 grade 1, 5.1 grade 2, 2.6 grade 3, 1.3 grade 4,
and 0.07 grade 5 AEs. This is as expected because most patients
in oncology studies experienced at least one low grade AE given
the underlying disease they had. The goal of new cancer ther-
apy development is to reduce more severe AEs (i.e., grades 3–5).
Even though, the difference of grade 5 AEs between the two arms
was not statistically significant, and this is probably due to the
fact that there were very few such fatal events in the study. The
numerical difference (0.01 vs. 0.07) was observed. Another inter-
esting pattern as shown in Figure 3 was that there seemed to be
a jump on the number of grade 5 AEs in the control arm at the
end of the study. Although it might be a random variability due
to the small number of events, this observation warrants future
investigations. In addition, Figure 3 also revealed the general pat-
tern of the AEs. Most grades 1 and 2 AEs occurred within the first
12 months, while most grades 3–5 AEs occurred earlier. Important
findings revealed by Figure 3 and Table IV highlight the advan-
tages of the proposed method over the traditional and simplified
approach of summarizing AE data with incidence rates.

5. CONCLUSION

Safety data are routinely collected in clinical trials and usually
can be formulated into event data, such as AEs and laboratory
abnormalities. Routine safety analysis often report frequency of
patients who had at least one particular safety event. This analysis
ignores many statistical issues such as informative censoring and
recurrence of safety events. In recent years, noninferiority trials
have become well accepted for drugs with comparable efficacy
but more favorable safety profiles relative to the standard-of-care
treatment. However, very few statistical testing procedures have
been developed to compare the safety profiles of two groups.
The need of a statistical test for safety data becomes apparent.
Recently, a joint effort from health authorities, academia, and
industry has been made to take the multifaceted features of
safety data into account in benefit–risk assessment [12]. All afore-
mentioned challenges highlight the need of statistical methods
and applications in the analysis of safety data.

In this article, we attempted to address the aforementioned
issues by introducing recurrent event analysis methods into
safety data analysis. Methods developed in [8,9], and [10] were
extended to accommodate two distinct types of terminal events:
terminal events of interest and other terminal events. The first
type of terminal events was counted in the calculation and
hypothesis testing of mean frequency function of safety events,
while the second type was also considered in the calculation but
only to correct bias due to informative censoring. We proposed
summarizing safety events with mean frequency function and
comparing them with a generalized log-rank test. In addition, one
can compare the global safety profile with the proposed multi-
variate log-rank test. The generalized univariate and multivariate
log-rank tests allow researchers to compare the safety profiles
between groups by formal hypothesis testing. Graphic display of
the mean frequency function is very useful to reveal the multi-
faceted nature of safety data and allows researchers to investigate
not only the frequency of the safety events but also the general
pattern, such as onset time and rate of occurrence of the events.

The implementation of the proposed method is not trivial.
Unfortunately, there is not readily available macro or program to
overcome this hurdle. Thus, coding was performed in SASr (SAS
institute, Cary, North Carolina) proc iml to realize the estimation
procedure explicitly. Simulation results showed that the mean fre-
quency function estimator was generally unbiased with adequate
coverage probability. The univariate and multivariate generalized
log-rank tests maintained type I error rates at the desired level,
and the power of the tests depended on several factors, includ-
ing size of treatment effect, number of events, mean frequency
of recurrent and terminal events, and weighs of different types of
safety events in the multivariate generalized log-rank test. We also
demonstrated our methods with a dataset from a real clinical trial.

A similar but simpler approach was taken to analyze cardiac
risk of Herceptinr (Genentech Inc, South San Francisco, CA), and
the analysis results are included in the package insert. In the Her-
ceptin package insert, time to first cardiac event was analyzed
taking into consideration of competing risk of deaths due to non-
cardiac events. Mean frequency function was presented for the
two treatment arms, without statistical testing for treatment com-
parisons. This approach can be considered as a special case of
our method.

Our proposed method provides a general framework of analy-
sis of safety data with recurrent event methods. It also provides
a way to conduct statistical testing of treatment effect on safety
data as a whole. However, this approach can only be of practical
value if the safety events of interest can be prespecified and well
defined. This is somewhat a challenging task for drug develop-
ment, especially when the safety profile of the drug is still under
investigation. Knowledge on the mechanism of action of the
drug, prior data from earlier phase trials or from drugs in a similar
class, and recommendations and discussions with experts in the
field and health authorities are helpful to define the safety events
of interest. It is also noted that different methods to analyze data
of recurrent and terminal events exist in the literatures [13–15].
Future work includes extending these methods to the analysis of
safety data following our proposed framework. Although it is pos-
sible to formulate and conduct a test to compare the overall safety
profile between two treatments, using the multivariate general-
ized log-rank test proposed, we only recommend such tests being
pursued when there are clinical justifications for the choice of
weights in the test and clinical meaningful interpretations of the
test results.

Our method primarily analyzes cumulative incidence rate
rather than duration of safety events. If the duration of safety
events is of interest, one should refer to the nonparametric cumu-
lative duration developed in [16]. We developed the method
under the scenario that the safety reporting period ends at the
same time for all safety data collections. In practice, there could
be an additional follow-up period to collect important safety data,
such as serious AEs or death, beyond the typical safety data col-
lection period. The extension of our methods to accommodate
different lengths of data collection periods for different types of
safety data is straightforward and can be achieved by further clas-
sifying terminal events into smaller groups by different lengths of
data collection periods. Furthermore, future applications on real
clinical trial data and engagement with medical community are
needed to further evaluate the practical value of the proposed
method from a medical practitioner’s perspective.
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