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SUMMARY

This paper addresses the problem of combining information from independent clinical trials which
compare survival distributions of two treatment groups. Current meta-analytic methods which take cen-
soring into account are often not feasible for meta-analyses which synthesize summarized results in
published (or unpublished) references, as these methods require information usually not reported. The
paper presents methodology which uses the log(-log) survival function di�erence, (i.e. log(− log S2(t))−
log(− log S1(t)), as the contrast index to represent the multiplicative treatment e�ect on survival in in-
dependent trials. This article shows by the second mean value theorem for integrals that this contrast
index, denoted as �, is interpretable as a weighted average on a natural logarithmic scale of hazard
ratios within the interval [0; t] in a trial. When the within-trial proportional hazards assumption is true, �
is the logarithm of the proportionality constant for the common hazard ratio for the interval considered
within the trial. In this situation, an important advantage of using � as a contrast index in the proposed
methodology is that the estimation of � is not a�ected by length of follow-up time. Other commonly
used indices such as the odds ratio, risk ratio and risk di�erences do not have this invariance property
under the proportional hazard model, since their estimation may be a�ected by length of follow-up
time as a technical artefact. Thus, the proposed methodology obviates problems which often occur in
survival meta-analysis because trials do not report survival at the same length of follow-up time. Even
when the within-trial proportional hazards assumption is not realistic, the proposed methodology has the
capability of testing a global null hypothesis of no multiplicative treatment e�ect on the survival distri-
butions of two groups for all studies. A discussion of weighting schemes for meta-analysis is provided,
in particular, a weighting scheme based on e�ective sample sizes is suggested for the meta-analysis of
time-to-event data which involves censoring. A medical example illustrating the methodology is given.
A simulation investigation suggested that the methodology performs well in the presence of moderate
censoring. Copyright ? 2004 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Meta-analysis has become an important analytic tool as it provides a formal mechanism to
summarize results from independent studies. In medicine it has a�orded a means of evaluating
general treatment strategies [1]. As well as potentially increasing statistical power, meta-
analysis may shed light on the generalizability of a treatment bene�t when studies with diverse
protocols and patient compositions are summarized.
Since the mid-1980s, numerous medical meta-analyses have been conducted with most

specifying treatment e�ect by using the risk di�erence, risk ratio or odds ratio [2, 3]. In
certain clinical trials, however, the interest is not only whether a particular event occurs, but
when it occurs. This is especially true in oncology clinical trials where mortality or recurrence
is often the major focus, and one is interested in relating failure time to treatment. For this
reason, publications from oncology trials commonly report survival curve analyses. It is thus
bene�cial for a meta-analysis of such trials to summarize their survival curve information.
In 1977, Peto et al. [4] proposed the log-rank test for combining survival data from di�erent

trials by managing each trial as though it were a retrospective stratum in a single large study.
They advised researchers to report their log-rank ‘observeds’ and ‘expecteds’ when publishing
survival data from a clinical trial to facilitate the e�cient combination of di�erent trials.
Unfortunately, this advice has not been widely incorporated in subsequently published reports
of clinical trials. Whitehead and Whitehead [5] caution that published reports of survival
studies are unlikely to report su�cient detail to make a test based on combining e�cient scores
and Fisher’s information (the log-rank statistic and its null variance) a practical methodology
for the meta-analysis of survival data.
To meta-analyse studies which report survival data at multiple times, Dear [6] proposed

modelling proportions using generalized least squares. However, this method assumes the
absence of censoring. Marubini and Valsecchi [7] suggested that if Cox’s proportional hazards
model were applied in each trial with the treatment regression coe�cient estimate and its
standard error being reported, then meta-analysis of survival data could be performed in
a straightforward fashion. As they have noted, however, these statistics are not frequently
provided. This perhaps is because the Cox model only has a con�rmatory role for the trial
(or no role at all, if not applied). An additional issue that limits the applicability of this
method is the need for all trials to have the same Cox model so that the treatment regression
coe�cient estimate from each trial has adjustment for the same set of covariate variables (and
thereby pertains to the same underlying parameter for all trials).
Caubet et al. [8] discuss an approach to meta-analyse survival data for studies which

report Kaplan–Meier curves for each treatment arm in a trial along with counts of individuals
remaining in the trial at the end of 1-year periods. From these data, the authors constructed
annual life tables and �tted a discrete proportional hazards model for each trial. They then
meta-analysed the resulting log hazard ratios using the random e�ects model of DerSimonian
and Laird [2]. As a second approach, Caubet et al. estimated standard errors for the annual
survival probabilities by applying Greenwood’s formula to their reconstructed life table; they
then used these standard error estimates in a random e�ects meta-analysis of the annual
survival probabilities in the treatment and control arms. However, among the 13 studies that
met their entry criteria for inclusion in a meta-analysis, six did not provide information to
reconstruct an annual life table, and so only seven could be meta-analysed by their proposed
methods.
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The methods presented in this paper were motivated by the medical example in Section 3.
For this example, 11 trials met the entry criteria for inclusion in the meta-analysis; but fewer
than 50 per cent of them (four of 11) provided su�cient information in their published reports
for the use of Caubet’s methodology. Thus, potential selection bias could have been incurred
if Caubet’s methodology had been used for only the four trials to which it was applicable.
Only one of the 11 trials reported a treatment regression coe�cient and its standard error from
a Cox’s proportional hazard model. Similarly, the methodology of combining e�cient scores
and Fisher’s information, was not possible due to lack of reported information in accordance
with Whitehead’s and Whitehead’s prediction [5]. An advantage of the approach discussed in
this paper, is that the information it requires would appear to be generally reported and thus
this approach often has the capability of including all or most trials meeting entry criteria in
a meta-analysis. In the medical example of Section 3, the proposed approach allowed inclusion
of all 11 trials meeting entry criteria. The information that this approach requires for each
treatment from each trial in the meta-analysis is a cumulative survival rate (a survival function)
as well as information that would allow the meta-analyst to calculate an e�ective sample size,
i.e. an expression of the person-time units under observation in the interval corresponding
to that for the cumulative survival rate. Section 2 of this paper describes a procedure for
calculating e�ective sample size from an estimate for Greenwood’s variance (or standard
error or con�dence interval). Section 3 discusses how a value for e�ective sample size may
be obtained indirectly when such information is not reported.
The proposed methodology uses the di�erence between the log(-log) cumulative survival

rates of two treatments as a contrast index to represent e�ect size in a trial which compares
survival in two treatments. This contrast index, denoted as �, is shown in Section 2 to be
interpretable as a log-transformed weighted average of the hazard ratios in the corresponding
interval for the cumulative survival rates. The log hazard ratio is an attractive contrast index
for the meta-analysis of survival data [5, 9, 10]. When death is the outcome for survival, the
exponentiated value of this contrast index expresses how many times as fast patients are dying
in one treatment regimen relative to a reference treatment. Thus, this measure of e�ect size
clearly represents between treatment group di�erences in the spirit of Feinstein [11] and its
exponentiated value can be readily interpreted by physicians without a statistical background.
Moreover, this contrast index can be especially informative clinically when the cumulative
survival rate for at least one of the treatments is also reported [12, 13].
In Section 2, an estimate of the within trial variance of � is derived in Appendix A under

the null hypothesis of identical survival functions for the two treatments. These quantities are
then meta-analysed so as to produce a test statistic for the null hypothesis of no multiplicative
treatment e�ect on survival in the trials. The application of this methodology to a real medical
example is illustrated in Section 3. Section 4 reports results from preliminary simulation
experiments which evaluate empirical type I error rates and powers of the proposed test
statistic. Section 5 provides a discussion of a key property of the contrast index considered
in this paper.

2. METHODS

The following methods provide a mechanism to synthesize results from published (or un-
published) reports of independent clinical trials which compare survival distributions of two
treatment groups.
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2.1. Estimation of a contrast index for each trial in the meta-analysis

The survival information from each trial i is summarized by a contrast index, denoted as �,
which is a weighted average on a natural logarithmic scale of hazard ratios within a trial for
a speci�ed interval [0; ti]. A closed-form solution for this contrast index may be obtained as
follows:
For the ith trial, let S1i(ti) and S2i(ti) denote the respective probabilities of surviving at

least as long as time ti¿0 in Groups 1 and 2. It is well known that continuous distributions
for survival satisfy (1) where hgi(x) is the hazard function at time x for group g in trial i.

Sgi(ti)= exp
(

−
∫ ti

0
hgi(x) dx

)
(1)

Moreover, with ri(x)= {h2i(x)=h1i(x)} denoting the hazard ratio function at time x for
Group 2 relative to Group 1 in trial i, S2i(ti) satis�es (2):

S2i(ti)= exp
(

−
∫ ti

0
ri(x)h1i(x) dx

)
(2)

Since a hazard function is non-negative and almost always positive, it follows that typically∫ ti
0 h1i(x) dx¿0 (i.e. that at least one patient has survival time T6ti). Therefore, by the second
mean value theorem for integrals, the integration over the interval [0; ti] in Equation (2) can
typically be written as shown in (3), where �rwi(ti) in (4) is a weighted average of the ri(x)’s
with the weights being the values of the hazard function at ti for Group 1 (the control group
in trial i) at time x for x6ti.

S2i(ti) = exp
(

−�rwi(ti)
∫ ti

0
h1i(x) dx

)
(3)

�rwi(ti) =

∫ ti
0 ri(x)h1i(x) dx∫ ti
0 h1i(x) dx

(4)

These weights are clinically meaningful since they provide more emphasis to those times
when the hazard function in the control group is higher, and this can be particularly helpful
for the evaluation of the potentially bene�cial e�ect of an experimental treatment.
From Equations (1), (3) and (4), it follows from (5)

�i(ti) = log(− log S2i(ti))− log(− log S1i(ti))

= log
(

−
(

−�rwi(ti)
∫ ti

0
h1i(x) dx

))
− log

(
−

(
−

∫ ti

0
h1i(x) dx

))
(5)

= log(�rwi(ti))

that loge(�rwi(ti)) for the ith trial is identical to �i(ti), the di�erence between the log(− log)
survival functions at time ti for Groups 1 and 2 in trial i (with log corresponding to loge).
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In this speci�cation, �i(ti)= log(�rwi(ti)) is a contrast index function which is interpretable
for the ith trial as the natural logarithm of the weighted average of hazard ratios for Group 2
relative to Group 1 through time ti. From (5), a consistent estimator �̂i(ti) for �i(ti) is obtained
by replacing the Sgi(ti) by their corresponding estimators Ŝgi(ti) as shown in (6):

�̂i(ti)= {log(− log Ŝ2i(ti))− log(− log(Ŝ1i(ti))} (6)

When the proportional hazards assumption is satis�ed within the ith trial, ri(x) in (2)
satis�es ri(x)= ri for all x; i.e. the rate of death (or some other event for survival) in Group 2
relative to Group 1 remains constant regardless of the value of ti. In this case, (4) simpli�es
to �rwi(ti)= ri, and so �i(ti)= �i= log ri is the logarithm of the proportionality constant for
the ith trial. However, even when the proportional hazards assumption does not hold in the
ith trial because the observed hazard ratios within the interval [0; ti] vary, �i(ti) can still be
useful. In a trial where the nature of the non-proportionality is solely related to magnitude,
rather than direction, it is often of interest to estimate on average how much better or worse
the hazard function for one treatment is relative to the other’s in the interval [0; ti]. Also,
some assessment of which treatment fared worse on average up to time ti can sometimes be
of interest, even when there is cross-over of the survival curves for the treatments in a trial.

2.2. A test of equality of hazard functions for two groups in independent trials

The null hypothesis, H0, that the hazard functions for Groups 1 and 2 are equal for each
of K trials is the same as the null hypothesis that �i(ti)= �i=0 for all K trials (since this
null hypothesis implies that the proportional hazards assumption holds for all trials). A test
statistic Q for this hypothesis is shown in (7).

Q=
(
∑K

i=1 wi�̂i)
2

{∑K
i=1 w

2
i V̂ar0(�̂i)}

(7)

For Q in (7), V̂ar0(�̂i) is a consistent estimator for the variance of �̂i under the null
hypothesis H0. On the basis of the arguments in Appendix A, V̂ar0(�̂i) has the structure
shown in (8)

V̂ar0(�̂i)=
N 2·i Ŝ0(ti)(1− Ŝ0(ti)

N1iN2i(N·i − 1)[Ŝ0(ti) log(Ŝ0(ti)]2
(8)

for which N1i=N1i(ti) and N2i=N2i(ti) are the e�ective sample sizes for Groups 1 and 2 for
the interval [0; ti] for the ith trial, N·i=(N1i +N2i), and Ŝ0i(ti)= {N1iŜ1i(ti)+N2iŜ2i(ti)}=N·i is
the weighted (or pooled) average of Ŝ1i(ti) and Ŝ2i(ti) with respect to N1i and N2i as weights.
In this regard, Ŝ0i is an estimator of the probability of surviving at least as long as ti for the
pooled groups.
If no patients were lost to follow-up during the interval [0; ti], then N1i and N2i would be

the original sample sizes for Groups 1 and 2 at the beginning of the ith trial. More typically,
a clinical trial studying survival has patients with varying lengths of follow-up time, either
because of di�erent entry dates or early withdrawal from the trial or both. For such situations,

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:1075–1093



1080 P. F. MOODIE, N. A. NELSON AND G. G. KOCH

the speci�cations for the e�ective sample sizes N1i and N2i at the time ti when the cumulative
survival rates Ŝgi(ti) are reported for Groups 1 and 2 in trial i need to represent the person-
time units under observation in the interval [0; ti]. In some meta-analyses, it is possible to
have both types of trials represented, i.e. those with no loss to follow-up for all patients and
those with loss to follow-up for some patients.
In accordance with Cutler and Ederer [14], one useful speci�cation for the e�ective sample

size corresponds to the size of a hypothetical cohort with complete follow-up of all patients
to death or to time t (without losses to follow-up) so as to have the same cumulative survival
rate and corresponding standard error as actually obtained in a study. If there is no loss to
follow-up, Cutler–Ederer’s e�ective sample size speci�cation is equal in value to the original
sample size. Cutler and Ederer solved for the e�ective sample size by equating Greenwood’s
formula [15] for the variance of Ŝgi(ti) to the variance that would have applied for the
hypothetical cohort with complete follow-up. The resulting speci�cation is shown in (9) with
V̂arG[Ŝgi(ti)] denoting the estimated variance for Ŝgi(ti) from Greenwood’s formula.

Ngi=Ngi(ti)= Ŝgi(ti)[1− Ŝgi(ti)]=V̂arG[Ŝgi(ti)] (9)

This speci�cation for the e�ective sample size is useful since Greenwood’s formula is the
estimator commonly given when a variance estimate (or corresponding standard error or con-
�dence interval) for a cumulative survival rate is reported in the medical literature.
When there is extensive censoring, Greenwood’s formula tends to underestimate the true

variance of Ŝgi(ti), and thus Cutler–Ederer’s de�nition of e�ective sample size may produce an
unduly in�ated value. Dorey and Korn [16] investigated two alternative de�nitions of e�ective
sample size that might be better for situations which involve heavy censoring. One was Peto’s
de�nition [4], the risk set at time ti divided by the survival probability Ŝgi(ti); and it is shown
as N ′

gi in (10) for which ngi denotes the number of patients with survival through the end of
the interval [0; ti].

N ′
gi= ngi=Ŝgi(ti) (10)

Dorey’s and Korn’s results indicated that Peto’s e�ective sample size could be quite conser-
vative for the construction of con�dence intervals for Sgi(t). The other alternative for e�ective
sample size which they investigated was their proposed modi�cation of Cutler–Ederer’s def-
inition for those situations when no death was observed at time t. Since this modi�cation
requires detailed information for the risk sets at the time of each individual death, it is rarely
available to the meta-analyst who is summarizing published reports from the medical literature.
Dorey and Korn noted that their modi�ed e�ective sample size simpli�es to Cutler–Ederer’s
speci�cation in (9) when there are no censored observations that intervene between the last
death and the time ti at which Sgi(ti) is reported.
Thus, unless there is heavy censoring in one or more of the trials, Cutler–Ederer’s speci�ca-

tion for the e�ective sample size is suggested here as a reasonable approach to accommodate
loss to follow-up in the estimation of the V̂ar0(�̂i) by (8) and the determination of the test
statistic Q in (7) for the null hypothesis H0 that all �i=0.
When there is uniform censoring and when each treatment in each of the K studies has at

least a moderate e�ective sample size (eg. Ngi¿50), the test statistic Q in (7) approximately
has the chi-squared distribution with one degree of freedom. In this regard, Meier [17] has
shown that the distribution of Kaplan–Meier’s estimate of S(t) is approximately normal, and
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Kalb�eish and Prentice [18] have suggested that applying a parameter transformation such
as log(− log) to S(t) may improve its convergence to normality. Barber and Jennison [19]
observed that the log(− log) transformation, in contrast to the logit or arcsin, yielded the best
results in tests and con�dence limits for S(t) under assumed normality.

2.3. Weighting studies in a meta-analysis

The issue of weighting factors for studies in a meta-analysis remains a subject of debate.
Some researchers propose implementing a scoring system that re�ects the quality of a trial,
i.e. aspects of its design and analysis pertaining to internal and external validity [20, 21].
Other researchers favour an objective weighting factor such as the reciprocal of the asymptotic
variance of the treatment e�ect measure (or contrast index) in each trial or some function of
the within-trial sample sizes [5, 22, 23].
One function of within-trial sample sizes commonly used as a weighting factor is the

reciprocal of the sum of the reciprocals of the within-trial initial sample sizes (often written
in the form wi= {N1i(0)N2i(0)}={N1i(0)+N2i(0)}. This weighting factor is also often referred
to as the Cochran–Mantel–Haenszel weight since it was proposed by Cochran [24] and is the
weight used in the Mantel–Haenszel procedure for comparing two independent proportions
across strata [25]. To accommodate censoring resulting from loss to follow-up before time ti,
this paper suggests a modi�cation of this weighting factor by replacing initial sample sizes
with their e�ective sample sizes counterparts such as those from the Cutler–Ederer method.
The resulting weighting factor is useful for the proposed methodology since it corresponds to
the reliability of the Kaplan–Meier (or life table) cumulative survival rate estimates [7] and
thereby corresponds to the reliability of the contrast index �i. An initial sample size, i.e. the
number of patients who enter the trial, is not necessarily a good measure of the precision of
a survival estimate. More speci�cally, although an initial sample size may be quite large, the
survival estimate may be imprecise if reported at a time point after which many patients have
been lost to follow-up. Alternatively, in situations where the extent of losses to follow-up is
not large and is similar for both groups and for all studies, the e�ective sample sizes may be
roughly proportional to the initial sample sizes: As a consequence of this proportionality the
results from (7) for the test statistic will be correspondingly similar (since the ratios of the
respective weights to their sum would be similar for the weights from the e�ective sample
sizes and for those from the initial sample sizes).
Weighting each trial by the reciprocal of the variance of the contrast index for that trial has

the advantage of yielding a summary estimate of treatment e�ect across trials with minimum
variance [22]. However, these weights involve estimates from the data for unknown parameters
such as Sgi(ti). Thus, it is important to have su�cient sample sizes in each treatment group
in each trial to support the stability of these estimated weights (as consistent estimators of
the corresponding unknown parameters), thereby allaying concerns about inferential validity.
An additional consideration speci�c to the proposed methodology is that the reciprocal of
the ith sampling variance of the contrast index �i is a complex structure which involves
both the e�ective sample sizes, Ngi(ti) and the estimated cumulative survival rates Ŝgi(ti) in
each treatment group. This complexity of structure may make this type of weighting less
than appealing to some researchers, particularly those who prefer a more straightforward
approach or those who need to specify a type of weighting scheme prior to the conduct
of their meta-analysis and therefore would prefer a weighting scheme that does not directly
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involve various functions of the Ŝgi(ti). In this regard, if the estimated cumulative survival
rates vary considerably among the studies in the meta-analyses (resulting, for example, from
diverse among-study patient compositions, say based on stage of cancer), then according to
the reciprocal of the within-trial variance of �i weighting scheme, a convincing study that had
large sample sizes in Groups 1 and 2 and minimal losses to follow-up could hypothetically
have a lower weight than weaker studies with smaller sample sizes and more extensive losses
to follow-up, although such a scenario is probably rather unrealistic. Since the two weighting
schemes, the within-trial e�ective sample sizes and the within-trial sampling variance of �i
have the previously stated advantages and limitations, the choice of which weighting scheme
to apply often depends on the objective and preferences of the meta-analyst.

2.4. Average treatment e�ect size across trials and its con�dence interval

In meta-analysis, a weighted average of trial-level estimates of treatment e�ect size is typically
used [22]. Although a simple average (with equal weights for all trials) is possible, it has
the limitation of poorer precision than an appropriately weighted average when the respective
trials substantially vary in precision. Weighted averaging with proportionally larger weights
for the trial-level e�ect size estimates with better precision and proportionally smaller weights
for those with poorer precision provides an overall result with reasonably good precision.
A weighted average of the �̂i(ti)′s across the K independent trials denoted as �̂w is shown

in (11):

�̂w=
{
K∑
i=1
wi�̂i

}/ {
K∑
i=1
wi

}
(11)

As discussed in Section 2.2, a weighting scheme for �̂w could be based on e�ective sam-
ple sizes, i.e. wi=(N1iN2i)=(N1i + N2i) where Ngi=Ngi(t) or on the reciprocals of the esti-
mated variances of the �̂i(ti), i.e. wi= {V̂ar(�̂i(ti))}−1 where V̂ar(�̂i(ti)) is given in (A4) of
Appendix A. As discussed in Appendix A, a consistent estimator for the variance of �̂w,
with unrestricted applicability regardless of any hypothesis concerning the �i(ti), is V̂ar{�̂w}
in (12).

V̂ar{�̂w}=
[
K∑
i=1
w2i V̂ar{�̂i(ti)}

]/ {
K∑
i=1
wi

}2

(12)

From (A4), V̂ar{�̂i(ti)} has the structure shown in (13)

V̂ar{�̂i(ti)}=
2∑
g=1

Ŝgi(ti){1− Ŝgi(ti)}
(Ngi − 1){Ŝgi(ti)}2{log Ŝgi(ti)}2

(13)

When there are su�cient e�ective sample sizes for �̂w to have an approximately normal
distribution, a 100(1 − �) per cent con�dence interval for �w= {∑K

i=1 wi�i(ti)}={
∑K

i=1 wi} is
provided by {�̂w ± z�=2

√
V̂ar(�̂w} where z�=2 is the 100(1−�=2) percentile of the standard nor-

mal distribution. Exponentiation of these con�dence limits yields the 100(1− �=2) con�dence
limits for exp(�w) which is a weighted geometric mean across the K independent trials of
weighted averages of hazard ratios within the respective trials for the corresponding intervals
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[0; ti]. As discussed in Section 2.1, the {�i= �i(ti)} for the i=1; : : : ; K trials are the logarithms
of the common hazard ratios for Group 2 relative to Group 1 for the respective trials when
the proportional hazards assumption applies for all of them. When the {�i} are homogeneous
with � as their common value, then �w= � and exp(�w)= exp(�) is the common hazard ratio
for all studies for Group 2 relative to Group 1 at any time within any trial, and the previously
mentioned con�dence interval for exp(�w) is interpretable as a 100(1−�) per cent con�dence
interval for this common hazard ratio. When the {�i} are not homogeneous for the respective
trials or the proportional hazards assumption is not realistic within some of the trials, the
con�dence interval for exp(�w) can be di�cult to interpret. Nevertheless, when interpreted
with appropriate caution, such a con�dence interval may still be useful for summarizing the
weight of evidence for the extent to which one of the groups has better survival in some
overall sense than the other group.
An assessment of the homogeneity of the {�i(ti)} is possible through the statistic QH in (14)

for which �̂w−inv is the weighted average of the �̂i(ti) with the reciprocals of their estimated
variances as the weights (i.e. wi= {V̂ar(�̂i(ti))}−1) [22].

QH =
K∑
i=1
(�̂i(ti)− �̂w−inv)2=V̂ar{�̂i(ti)} (14)

When the e�ective sample size of each treatment group in each trial is su�ciently large (e.g.
Ngi¿50) for all of the {�̂i(ti)} to have approximately normal distributions, QH approximately
has the chi-squared distribution with (K − 1) degrees of freedom. As the interpretation of
a result from this homogeneity test is not always straightforward, this test can best serve as
a helpful diagnostic tool when used in combination with other approaches, (both statistical
and biomedically conceptual) [7, 22, 26].

3. A MEDICAL EXAMPLE

The meta-analysis conducted by Elsayed and Nelson [9] evaluated whether adding chemother-
apy in any form or with any timing to the standard curative management of head and neck
cancer a�ected survival in prospective clinical trials. From 1990 to 1993, the authors con-
ducted an extensive search of the literature using various national and international medical
on-line literature search facilities, as well as reviewing meeting abstracts and reference lists in
medical publications and textbooks from across the world. Personal communication was also
utilized, and every e�ort was made to make the review as complete and objective as possible.
All relevant published reports were cross-referenced to verify that each was reporting an inde-
pendent trial. As a result of this search, 25 independent published reports which met inclusion
criteria were identi�ed. For illustration of the methodology in this paper, consideration is given
to a subset of these reports, viz 11 trials where the timing of administration of chemother-
apy was concurrent with radiotherapy [27–37]. Biomedical theoretical considerations [27, 28]
suggested that a �xed e�ects model was appropriate for the hazard ratios from trials with
the concurrent chemotherapy protocol but possibly not for the entire set of 25 trials which
included protocols where chemotherapy was administered before (induction chemotherapy) or
after (maintenance chemotherapy) the period in which radiotherapy was administered. Rank
orderings of the hazard ratios from the 11 trials with concurrent chemotherapy were found
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Table I. Cumulative survival estimates, ŜE(ti), ŜC(ti) ordered by time ti in years; initial sam-
ple sizes NE(0); NC(0) of Experimental (chemotherapy and radiotherapy given concurrently)
and Control (radiotherapy alone) groups, respectively; Cutler–Ederer’s e�ective sample sizes
NE; NC of Experimental and Control groups for interval [0; ti] and exp(�̂i), an estimate of
a weighted average of hazard ratios in the interval [0; ti] from the ith trial in a head and

neck cancer meta-analysis [9].

Trial i ŜE(ti) ŜC(ti) ti NE(0) NC(0) NE NC exp(�̂i)
in reference

29 0.75 0.37 0.5 30 28 30 28 0.29
30 0.64 0.54 1.0 31 28 31 28 0.72
37 0.55 0.57 1.0 99 87 99 87 1.06
27 0.76 0.55 1.5 34 33 21 20 0.46
31 0.70 0.58 1.5 60 38 46.85 31.35 0.66
32 0.57 0.64 2.0 111 111 98.04 92.16 1.26
33 0.48 0.38 2.5 156 157 129.8 130.58 0.75
28 0.43 0.24 3.0 45 51 41.85 48.66 0.59
34 0.61 0.48 3.0 23 23 23 23 0.67
35 0.36 0.15 5.0 68 66 48.45 40.66 0.54
36 0.48 0.40 5.0 56 61 50.94 48.98 0.80

to di�er signi�cantly (Kruskal–Wallis, P¡0:02) from those trials in the meta-analysis with
induction or maintenance chemotherapy protocols. The QH test from (14) for homogeneity
of the �̂i(ti) across independent trials [2, 22] indicated that the estimates were homogeneous
(QH =7:44, 10 df , P=0:68) in the concurrent chemotherapy protocol trials (Table I).
For the computation of both, the test statistic Q in (7) with the e�ective sample sizes

weighting scheme (i.e. weighting by the reciprocals of the sums of the reciprocals of the
within-trial e�ective sample sizes) and the weighted average �̂w in (11) of the estimates �̂i
across trials, with con�dence limits, as a summary estimate of treatment e�ect, the following
information is required from each trial in the meta-analysis:

1. estimates of the cumulative survival rates Ŝgi(ti) at time ti for the treatment and control
groups,

2. e�ective sample sizes Ngi from (9) for the treatment and control groups for the interval
[0; ti].

Table I provides this information for the 11 trials considered and also gives the follow-up
time ti at which the cumulative survival rate estimates were reported, the initial sample sizes
(i.e. the numbers of patients at time 0), and an estimate of a weighted average of hazard
ratios in the interval [0; ti] for each trial.
In this medical example, the meta-analyst had only one possible choice of time interval

[0; ti] for the proposed methodology in �ve of the 11 references, as Sgi(ti) and information on
its associated e�ective size for other time intervals were not reported in these �ve references.
In the remaining six references, a choice of several time intervals (beginning from time 0)
were possible and the meta-analyst would have to choose on an a posteriori basis one time
interval from the reported survival information. A concern may arise as to whether biased
selection occurred. Subjectivity in the selection process was avoided to a reasonable extent
by using objective criteria to choose the time point ti for obtaining the cumulative survival
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rate for each treatment. As the goal of the meta-analyst is to capture the maximum amount
of reliable information from the survival curve, it is desirable to choose a cumulative survival
rate estimate at a time point as far along the curve from time 0 as possible before the sample
sizes of the risk sets in each treatment group becomes too small to yield reliable estimates.
A criterion that was applied to all six references was that the number of patients at risk in
each treatment should not be less than 20 at the chosen time point. In addition, the following
criteria were used as general guidelines in choosing a time point:

1. when the number of patients at risk at time points were not reported directly, but a mini-
mum and median follow-up time were, then a time point half-way between the minimum
and median time point was used, (rounded to the nearest half-year)

2. when the number of patients at risk at time points were not reported directly, and only
median follow-up time was reported, then median follow-up time rounded to the nearest
half-year was used.

For example, Reference [29] reported the median follow-up time for each treatment group
to be 18 and 36 weeks, and so the cumulative survival rate estimates chosen for this reference
was at the time point which was the average of these median follow-up times rounded to
the nearest half-year (Table I). Reference [31] did not report median follow-up for each
treatment group separately but did report the median follow-up for all patients to be 32
months. Therefore, with the convention that loss to follow-up did not depend on treatment,
the cumulative survival rate estimates chosen for treatment and control for Reference [31]
was at 30 months (i.e. 32 months rounded to the nearest half-year).
Generally the values of cumulative survival rates estimates were reported directly by the

references. In the four references where observed cumulative survival rates were not reported
directly, these estimates were obtained from the published survival curves blindly (i.e. without
knowing which survival curve belonged to which treatment) using the previously outlined
criteria.
Ten of the 11 references provided information which made it possible to assign e�ective

sample sizes through (9) from Cutler and Ederer’s [14] speci�cation. One reference gave
individual patient data. Five either gave con�dence limits or standard errors for their survival
estimates. Four references indicated survival estimates were reported before any losses to
follow-up had occurred, and so it was known in these studies that Cutler and Ederer’s e�ective
sample sizes were equal to the initial sample sizes. One reference gave a survival estimate for
each treatment group based on the reduced sample method [38]; i.e. the cumulative survival
estimate at time ti was based on only those patients whose observation time in the study was
less than ti. Thus, the reported sizes of the reduced samples in each group were used for
e�ective sample sizes for this trial.
Only one (Reference [33]) of the 11 references did not provide any information that would

allow a value for Cutler and Ederer’s sample size to be assigned in each treatment group.
However, this reference did report cumulative survival estimates at a time point, ti, which was
between the minimum and median follow-up time. From this information, linear interpolation
was employed to obtain the percentage not lost to follow-up at time ti, which in turn was
used to compute ‘the e�ective number exposed to risk’ [39].
The meta-analysis methods in Section 2 were applied to (i) all references in Table I,

including Reference [33] where values of Cutler and Ederer’s e�ective sample sizes could
not be assigned; (ii) all references in Table I excluding Reference [33]. The proposed test

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:1075–1093



1086 P. F. MOODIE, N. A. NELSON AND G. G. KOCH

statistic with and without Reference [33] was 9.44, 1 df , P=0:002 and 6.78, 1 df, P=0:009,
respectively. The weighted average of hazard ratios across trials (with the reciprocals of
the sums of the reciprocals of the within-trial e�ective sample sizes as weights) and
95 per cent con�dence limits were 0.767 and (0.646, 0.911) with Reference [33] and 0.772
and (0.633, 0.941) without Reference [33]. In summary, this real-life medical example illus-
trates the feasibility of the methodology to meta-analyse a multiplicative treatment e�ect on
survival distributions through a �xed e�ects model.

4. SIMULATION STUDY

For a preliminary investigation of type 1 error rates and powers of the test statistic Q in (7),
10 000 meta-analyses were simulated. Every meta-analysis summarized survival data from 25
clinical trials with each having two treatments with equal sample sizes of 100 and 50. This
design was used because medical trials often have groups of equal and relatively large sample
sizes. Type 1 error rates and powers were also investigated by considering meta-analyses of
10 and �ve trials. In all trials simulated, random right censoring was invoked by randomly
generating a pair of independent values for survival time (ST) and censoring time (CT)
from which an individual’s failure time (minimum of ST, CT) and its associated censoring
indicator � (�=1 if ST=CT; �=0 otherwise) were determined. An individual’s survival
time was generated by randomly sampling from an exponential distribution with parameter
speci�ed in accordance with the expected cumulative survival rates at two years given in
Tables II and III. An individual’s censoring time was generated by randomly sampling from
the uniform distribution on the interval [0:25; 5:0], thereby guaranteeing a minimum potential
follow-up time of 3 months for every patient and a trial length of 5 years. Randomly sampling
from the uniform distribution was used to simulate a realistic clinical trial situation where
patients enter the trial at times uniformly distributed over its duration. Medical trials typically
stipulate in advance a cut-o� date for the analysis (for example about 1–2 years from the last
patient entry) so that a minimum potential follow-up time is assured for each patient [7].
Kaplan–Meier estimates for the cumulative survival probabilities and approximate variances

using Greenwood’s formula were calculated for Groups 1 and 2 in each trial at time t equal
to 2 years. In all experiments, e�ective sample sizes were computed for the interval [0; 2]
years using the de�nition of Cutler and Ederer in (9). In addition, e�ective sample sizes for
the interval [0; 2] years using Peto’s de�nition in (10) were used in two experiments. With
estimates Ŝgi(t) and e�ective sample sizes, N1i ; N2i, thus generated for Groups 1 and 2 for
a trial, a weighting factor, wi, based on e�ective sample sizes was calculated for the trial,
where wi=(N1iN2i)=(N1i + N2i). If a trial generated data such that the Q test statistic was
unde�ned (Ŝgi(ti) was equal to one or zero for a group), the samples were excluded in (7)
and additional ones were substituted so that the number of studies and number of simulations
were kept constant for all experiments.
In one of the series of experiments investigating power, the speci�ed Sgi(t)’s for the exper-

imental and control groups were based on the observed values in the head and neck cancer
meta-analysis at 2 years [9], i.e. the cumulative survival rate for the control SC(2)=0:46 and
the cumulative survival rate for the experimental treatment SE(2)=0:56 yielding a hazard
ratio (experimental=control, 0.290=0.388) equal to 0.75. In addition, three other series of ex-
periments were conducted to observe the e�ect of increasing and decreasing the hazard ratio
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Table II. Observed type I errors of proposed test in 10 000 simulations: 25 trials in each meta-analysis,
equal initial sample size in each treatment, with exponential failure times, uniform censoring times,

t=2 years and nominal � of 0.05.

Initial sample size in Expected Ŝ(t) in Per cent censored Proportion of simulations
each group each group in each group∗ where H0 was rejected

100 0.90 91.6 0.066
0.80 83.1 0.062
0.75 78.8 0.054
0.70 74.5 0.053
0.60 65.8 0.047
0.50 56.9 0.052
0.40 47.9 0.045
0.30 38.6 0.051
0.20 28.8 0.054
0.15 23.7 0.052
0.10 18.2 0.057

50 0.90 91.4 0.066
0.80 83.0 0.068
0.75 78.8 0.062
0.70 74.4 0.058
0.65 70.1 0.059
0.60 65.8 0.053
0.50 57.0 0.053
0.40 47.8 0.053
0.30 38.6 0.053
0.20 28.8 0.056
0.15 23.8 0.056
0.10 18.4 0.045

∗Averaged over 25 trials, 10 000 simulations.

on power: In these experiments SE(2) was equal to 0.56 and SC(2) was speci�ed to produce
hazards 0.415, 0.363, 0.290, so that the respective hazard ratios were 0.70, 0.80 and 1.00.
The results of this preliminary investigation suggest that the type 1 error rates for the test

statistic Q in (7) are acceptable when the data arise from an exponential distribution, sample
sizes are 100 or 50 for each of 25 trials, and the expected cumulative survival probability
common to both treatment groups is not too close to one or zero (Table II). The deviations of
observed type I error rates from nominal 0.05 were not substantially large, with the maximum
deviation above nominal being 0.018.
When the S(t) common to both treatment groups is close to one or zero, sample sizes

larger than 100 are required to compensate for the skewed distribution of Ŝ(t) in order to
improve its approximation by a normal distribution and thereby improve the approximation of
the Q statistic in (7) by the chi-squared distribution. When the common expected cumulative
survival rate is high, the somewhat in�ated type 1 error rates observed may be attributable
to Greenwood’s formula underestimating the variance when there is heavy censoring before
time t since this would make Cutler and Ederer’s speci�cation of e�ective sample size unduly
in�ated.

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:1075–1093



1088 P. F. MOODIE, N. A. NELSON AND G. G. KOCH

Table III. Observed power of proposed test in 10 000 simulations with varying number of trials, ex-
ponential failure times, uniform censoring times, t=2 years and nominal �=0:05 with equal initial

sample sizes in each treatment group in each trial, Ngi(0), (a)= 100 and (b)= 50.

Ngi(0) No. of Expected Per cent Expected Ŝ(t) in Per cent Hazard Observed
trials Ŝ(t) in censored in experimental censored in ratio power

control control group∗ group (E) experimental (E=C)
group (C) group∗

25 0.436 51.15 0.560 62.25 0.70 1.000
10 0.436 51.15 0.560 62.26 0.70 0.999
5 0.436 51.14 0.560 62.26 0.70 0.940
25 0.460 53.32 0.560 62.25 0.75 1.000
10 0.460 53.32 0.560 62.26 0.75 0.981

100 5 0.460 53.31 0.560 62.26 0.75 0.816
25 0.484 55.48 0.560 62.25 0.80 0.998
10 0.484 55.48 0.560 62.26 0.80 0.866
5 0.484 55.47 0.560 62.26 0.80 0.579
25 0.560 62.24 0.560 62.25 1.00 0.048
10 0.560 62.24 0.560 62.26 1.00 0.049
5 0.560 62.21 0.560 62.26 1.00 0.051

25 0.436 51.16 0.560 62.26 0.70 1.00
10 0.436 51.14 0.560 62.25 0.70 0.939
5 0.436 51.17 0.560 62.27 0.70 0.703
25 0.460 53.33 0.560 62.26 0.75 0.994
10 0.460 53.31 0.560 62.25 0.75 0.810

50 5 0.460 53.33 0.560 62.27 0.75 0.528
25 0.484 55.48 0.560 62.26 0.80 0.926
10 0.484 55.47 0.560 62.25 0.80 0.586
5 0.484 55.50 0.560 62.27 0.80 0.337
25 0.560 62.23 0.560 62.26 1.00 0.052
10 0.560 62.23 0.560 62.25 1.00 0.055
5 0.560 62.25 0.560 62.27 1.00 0.050

∗Averaged over trials, 10 000 simulations.

In the two experiments with simulations of the null case repeated for true S(2)=0:9,
S(2)=0:5 using Peto’s de�nition for e�ective sample size, the following conservative
results were obtained: Empirical type 1 error rates at nominal �=0:05 were equal to 0.038
when S(2)=0:9, and 0.026 when S(2)=0:5. These results are in accordance with Peto’s
et al.’s statement [4] that their speci�cation of e�ective sample size is ‘usually
conservative’.
For this preliminary investigation, the observed power of the test statistic Q in (7) was

generally quite satisfactory (Table III). In all simulations with sample sizes of 100, the ob-
served powers were quite high with the one exception being the simulation with a hazard
ratio of 0.80 and �ve trials in the meta-analysis. With sample sizes of 50 for 25 trials in the
meta-analysis, the observed powers were good; however, with sample sizes of 50 and �ve
trials in the meta-analysis, the observed powers were low. The e�ect of varying the hazard
ratios on power was as expected; the closer the hazard ratio to unity, the lower the power.
Virtually identical results were observed when the power experiments were repeated with the
cumulative survival rates for the experimental and control groups reversed.
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5. DISCUSSION

An important advantage of using � as a treatment contrast index is that when the proportional
hazards assumption is met, the value of � will not vary with follow-up time as a technical
artefact as can be the case for other treatment contrast indices commonly used in survival
studies, i.e. the risk di�erence, risk ratio and odds ratio. Thus, a key advantage of using
� as a treatment contrast index in the meta-analysis of survival data is that it allows the
meta-analyst to summarize survival information directly from all relevant trials regardless of
when they report cumulative survival rates. Assessments utilizing the risk di�erence, risk ratio
or odds ratio would have to restrict the meta-analysis to a speci�c point of follow-up time.
However, typically clinical trials do not report survival at a common point in follow-up time
(Table I). Stell and Rawson [40] used the odds ratio as a summary measure of treatment e�ect
in a meta-analysis of adjuvant chemotherapy in head and neck cancer and had to restrict their
analysis to estimating the treatment di�erence in survival at 2 years. They report that the main
source of inaccuracy in their review resulted from having to estimate survival indirectly at
2 years for those studies where survival was reported at another time point. In those cases,
where insu�cient information did not allow even indirect estimation of 2 year survival, they
had no other recourse than to use the survival end-point given in the trial, e.g. 5 years, or
otherwise incur potential selection bias by omitting those studies from their meta-analysis.
Since estimation of the hazard ratio using � is not a�ected by length of follow-up as a tech-

nical artefact, variation in the estimated value of � with time suggests that the proportional
hazards assumption is not tenable. Research involving extensions of the methodology in this
paper is in progress to evaluate whether log hazard ratios at multiple time points within a trial
estimate a common log hazard ratio.

APPENDIX A

For the interval [0; ti] in the ith clinical trial, the estimate Ŝgi(ti) for the probability that
patients in the gth group survive at least as long as ti¿0 has the structure shown in (A1);

Ŝgi(ti)=
u∏
j=1

ngij
(ngij + dgij)

(A1)

in this structure, j=1; 2; : : : ; u indexes the unique times tgi1¡tgi2¡ · · ·¡tgiu6ti at which
dgi1; dgi2; : : : ; dgiu deaths (or some other event for survival), respectively, occur for the gth
group (with most dgij typically equaling one), and the {ngij} denote the numbers of patients
in the gth group with survival at least as long as the corresponding {tgij}; accordingly, the
{(ngij + dgij)} denote the numbers of patients in the risk sets at the times {tgij} of the deaths
{dgij} for the gth group in the ith clinical trial. On the basis of Greenwood’s formula (or the
delta method to obtain a large sample size approximation for the variance of a function of
a random variable through a linear Taylor’s-series expansion [41–43], a consistent estimator
for the variance of Ŝgi(ti) is V̂arG[Ŝgi(ti)] in (A2):

V̂arG[Ŝgi(ti)]= {Ŝgi(ti)}2
{

u∑
j=1

dgij
ngij(ngij + dgij)

}
(A2)
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Through an additional application of the delta method, a consistent estimator for the variance
of loge{− loge Ŝgi(ti)} is obtained, and its structure is shown in (A3):

V̂ar[loge{− loge(Ŝgi(ti))}]=
V̂arG[Ŝgi(ti)]

[{loge(Ŝgi(ti))}{Ŝgi(ti)}]2
(A3)

It then follows that a consistent estimator for the variance of �̂i(ti) in (6) is V̂ar{�̂i(ti)} in
(A4) since the estimators from the two groups are independent:

V̂ar{�̂i(ti)}=
2∑
g=1

V̂arG[Ŝgi(ti)]

[{loge(Ŝgi(ti))}{Ŝgi(ti)}]2
(A4)

An expression for V̂ar{�̂i(ti)} in terms of the Cutler and Ederer [16] e�ective sample size Ngi
in (9) is shown in (A5):

V̂ar{�̂i(ti)}=
2∑
g=1

{1− Ŝgi(ti)}{Ŝgi(ti)}
(Ngi − 1){Ŝgi(ti)}2{loge(Ŝgi(ti)}2

(A5)

The estimator V̂ar{�̂i(ti)} is unrestricted in the sense of not having any null hypothesis as
its basis, and so it is applicable for the determination of a con�dence interval for �i(ti) from
the ith clinical trial. Similarly, a consistent (and unrestricted) estimator for the variance of
the weighted average �w in (11) from the meta-analysis of all K-independent clinical trials is
V̂ar{�̂w} in (A6):

V̂ar{�̂w}=
K∑
i=1
w2i V̂ar{�̂i(ti)}

/ {
K∑
i=1
wi

}2

(A6)

When there is su�cient sample size for �̂w to have an approximately normal distribution,

a 100(1− �) per cent con�dence interval for �w is provided by {�̂w ± z�=2
√
V̂ar{�̂w}} where

z�=2 is the 100(1− �=2) percentile of the standard normal distribution.
Although the unrestricted estimators V̂ar{�̂i(ti)} for the variances of the �̂i(ti) are valid

for testing the null hypothesis H0 that �i(ti)= �i=0 for all K studies, restricted estimators
V̂ar0{�̂i} which have the null hypothesis H0 as their basis typically are used for the test statis-
tics like Q in (7); in this regard, the analogous Cochran–Mantel–Haenszel statistic [23,24] for
the combined analysis of a set of 2×2 contingency tables is based on restricted estimates for
the variances of the di�erences between two proportions from independent binomial distribu-
tions under the null hypothesis that the two binomial distributions are identical for each con-
tingency table. Since the null hypothesis H0 that �i=0 for all studies implies S1i(ti)= S2i(ti)
for i=1; 2; : : : ; K , it follows that Ŝ0i(ti)= {∑2

g=1 NgiŜgi(ti)=N·i}, where N·i=(N1i + N2i), is
an estimator of the common probability of surviving at least as long as ti for the pooled
groups in the ith trial. Similarly, N·iŜ0i(ti){1 − Ŝ0i(ti)}=(N·i − 1) is the counterpart for the
pooled groups to the {NgiŜgi(ti){1− Ŝgi(ti)}=(Ngi − 1)} for the separate groups relative to the
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comparable estimation under H0 of S1i(ti){1− S1i(ti)}= S2i(ti){1− S2i(ti)}; and so with corre-
sponding substitution into (A5), the consistent estimator V̂ar0{�̂i} for the variance of �̂ under
the null hypothesis H0 has the structure shown in (A7); and this estimator is the same as
in (8):

V̂ar0{�̂i(ti)}=
2∑
g=1

{N·iŜ0i(ti)}{1− Ŝ0i(ti)}
Ngi(N·i − 1){Ŝ0i(ti)}2{loge(Ŝ0i(ti))}2

=
N 2·i Ŝ0i(ti){1− Ŝ0i(ti)}

N1iN2i(N·i − 1){Ŝ0i(ti)}{loge{Ŝ0i(ti))}2
(A7)

It then follows that
∑K

i=1 w
2
i V̂ar0(�̂i) is a consistent estimator for the variance of {∑K

i=1 wi�̂i}
under the null hypothesis H0 that �i=0 for all studies. Thus, when the sample sizes for the
K studies are su�ciently large for {∑K

i=1 wi�̂i} to have approximately a normal distribution,
then the test statistic Q in (A8), which is

Q=
{
K∑
i=1
wi�̂i

}2
/{

K∑
i=1
w2i V̂ar0(�i)

}
(A8)

the same as (7), approximately has the chi-squared distribution with one degree of freedom
under H0. Owing to its use of restricted estimates of variance for the �̂i under H0, Q has
analogous structure to the Cochran–Mantel–Haenszel test statistic for the combined analysis
of a set of 2× 2 contingency tables.
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