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The log-rank test is frequently used to compare survival curves. While sample size estimation for 
comparison of binomial proportions has been adapted to typical clinical trial conditions such as 
noncompliance, lag time, and staggered entry, the estimation of sample size when the log-rank statistic 
is to be used has not been generalized to these types of clinical trial conditions. This paper presents a 
method of estimating sample sizes for the comparison of survival curves by the log-rank statistic in 
the presence of unrestricted rates of noncompliance, lag time, and so forth. The method applies to 
stratified trials in which the above conditions may vary across the different strata, and does not 
assume proportional hazards. Power and duration, as well as sample sizes, can be estimated. The 
method also produces estimates for binomial proportions and the Tarone-Ware class of statistics. 

1. Introduction 

Sample size calculations in clinical trials are frequently complicated by the fact that the 
risk of event for many participants does not remain constant during the trial. Even if the 
effect of therapy is constant over time, noncompliance and dropin can cause the hazard 
rate to vary. Often, however, the mechanisms of the treatments being compared are 
sufficiently different that the proportional hazards assumption is suspect. This may be 
exemplified by the situation in which a drug is compared to surgery, with the latter 
hopefully achieving a more substantial "fur" provided the patient survives the early post- 
operative period during which mortality is increased. Furthermore, the hazard is often 
time-dependent (Wu, Fisher, and DeMets, 1980; Lachin and Foulkes, 1986). 

In spite of the fact that the log-rank test is usually the preferred survival test in clinical 
trials with discrete endpoints, the biostatistics literature on sample size calculation for 
failure time data is almost entirely devoted to tests based on exponential survival curves 
(George and Desu, 197 3; Rubinstein, Gail, and Santner, 198 1 ) or binomial populations 
(Halperin et al., 1968; Lakatos, 1986). A closer look at this literature reveals that while 
sample size for comparison of binomial populations has been derived under very general 
conditions, very restrictive assumptions prevail in the exponential case. This is largely due 
to the fact that with the more general conditions, hazard functions and ratios are no longer 
constant, so that the usual tests based on exponential models with constant hazard ratios 
no longer apply. 

Schoenfeld (198 1) and Freedman (1982) present methods for sample size calculation 
based on the asymptotic expectation and variance of the log-rank statistic. However, the 
conditions under which their sample size formulas are derived are also very restrictive. 

Key words: Complex clinical trials; Log-rank statistic; Markov process; Noncompliance; Nonpro- 
portional hazards; Sample size; Staggered entry. 
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In this paper, the survival curves that could be expected under very general conditions 
are modelled by using a stochastic process. The asymptotic expectation and variance of the 
log-rank statistic applied to these curves are then used to calculate sample size. 

In Section 2, a basic version of a nonstationary Markov model for clinical trials is 
presented, and in Section 3, the expected value of the log-rank statistic and the associated 
sample size formula are derived. Extensions of the basic Markov model to include lag time, 
accrual, and stratification appear in Section 4. Examples with assumptions typical of 
cardiovascular and cancer trials are considered in Section 5,  Duration is also discussed. 

2. The Basic Markov Model 

In this nonstationary Markov process, the treatment and control groups are modelled 
separately. Without loss of generality we will consider only the treatment group. Assume 
there is no time lag in the effectiveness of treatment. Each patient randomized to the 
treatment group is considered to be a complier initially, with probability PE of having an 
event in 1 year, say. We label this initial state AE. AS the trial progresses, a variety of 
circumstances can arise that would alter this probability, and thus cause a transition to a 
different state. If the patient no longer complies with the treatment regimen, we assume 
that his probability of becoming an event in 1 year is PC, that of the placebo controls, and 
that he has transferred to the state Ac from his initial state AE. The A indicates "active" 
trial participant, as opposed to those who can no longer be followed for the event of interest 
because they are lost to follow-up or competing risks (state L). Those participants who 
experience the primary event are transferred to the state E. Thus, at any given time, t, a 
person is in one of these four states with corresponding vector of occupancy probabilities 
D, . For the moment, we assume simultaneous entry at time to, the start of the study. If the 
components of the vector appear in the order L, E, AE, and Ac, then the initial distribution 
of the trial population is 

Loss 

Active noncomplier 

In general, analytic considerations determine what transitions are appropriate. For 
instance, when the analysis is governed by the philosophy "intention to treat," noncompliers 
should not be censored; rather they are still active participants but at an increased event 
rate. If one intends to censor these patients in the analysis, the corresponding sample size 
can be derived by transferring them to the censored state L. The derivation of the hazard 
function should also be considered, since nonadherence might already be incorporated in 
this function. This would happen, for example, if the source was a pilot study and the 
survival curve was based on both compliers and noncompliers. The sample size formula 
derived in the next section is based on the distributions Dti at intermediate times ti. If N(t) 
denotes the number of individuals still under treatment and subject to risk of event r(t), 
risk of loss Z(t), and risk of noncompliance b(t), then the total number of events in the 
treatment group at ti is [see Halperin et al. (1968) or Lakatos (1986)] 

In the nonstationary model, the functions r, 1, and 6 are not constant so that, in general, 
complicated numerical integration programs are required. In the time-lag model given 
below, there is a continuum of states corresponding to event rates intermediate between 
the control and experimental rates. If one also allows noncompliers to return to therapy, 



Sample Sizes in Complex Clinical Trials 23 1 

and incorporates staggered entry and lag times into the model, the situation is even more 
complicated. Finally, solutions for similar equations are needed for each state (not only the 
event state) at intermediate time points. While the numerical solution of this continuous- 
time model with a mixture of discrete and continuous states may be formidable, a discrete- 
time formulation leads to simple numerical computation and equivalent results (see 
Lakatos, 1986, Appendix 1). A computer program for the Markov model is given in Lakatos 
(1986). It is easily adaptable to the current setting (see the Appendix). In the discrete 
formulation, the transition matrices Ti,i+l are constructed so that (j , ,  j2)  is the 
probability of transferring from state jl to state j2 during the time interval [ti, For 
i < N, 

Dl, = Ti-l,iDli-, 3 (1) 

where tN is the "end" of the trial. This Markov model creates for each group a sequence of 
distributions (D,,, i = 1, . . . , NI. To simplify notation, denote the combination of sequences 
from both groups by {D,]. As an example (Gail, 1985), suppose we have a 2-year trial with 
event rates of 1 - exp(-1) = .6321 and 1 - exp(-f) = ,3935 per year in the control and 
treatment groups, respectively, and the yearly loss to follow-up and noncompliance rates 
are 3% and 4%, respectively. The rate at which patients assigned to control begin taking a 
medication with an efficacy similar to the experimental treatment is called the "drop-in 
rate" and is assumed to be 5%. In cardiovascular trials, drop-ins often occur when the 
private physician of a patient assigned to control detects the condition of interest, such as 
hypertension, and prescribes treatment. Since our analyses would include such patients, we 
calculate sample size assuming these dropins have a reduced event rate. This example 
assumes constant hazards, so the treatment group transition matrix for both the first and 
second years is 

Entries denoted 1 - represent 1 minus the sum of the remainder of the column. The 
entry .05 is made with the following two assumptions: (i) the return to medication of 
noncompliers is the same as the dropin rate, and (ii) those who do return to compliance 
are indistinguishable from those who never stopped complying. The same transition matrix 
T can be used for the control group but the initial vector of occupancy probabilities should 
reflect that 100% of the control group are in the state Ac at entry. With this model, patients 
can transfer to states at the times ti, i = 1, . . . , N. In real settings, transitions can take place 
at any time. If S(t) is the cumulative survival distribution, then the probability of failing 
in the interval tk] is 1 - S(tk)/S(tk-,). A continuous process can be approximated by 
replacing each matrix T by n f=I Tk, where each year has been divided into K equal 
intervals, and each off-diagonal element of Tk is given by an appropriate term of the form 
1 - S(tk)/S(tk-l). Note that the survival curve can take any form (Weibull, Kaplan-Meier, 
etc.) and that each of the off-diagonal transitions can be considered as resulting from some 
survival distribution. It is important to recognize the distinction between two types of 
nonproportional hazards models: (i) lag-type models, and (ii) those in which the hazard 
rates depend only on the time from randomization. In the lag-type models, a control 
patient may "drop in" at any time, and thus a person's hazard at a given time cannot be 
determined solely from the time from randomization. In this case, the above model is 
inappropriate since the process would not be Markovian. In the lag model presented below, 
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there are additional states and the Markov property is satisfied. On the other hand, there 
are nonproportional hazards models that satis@ (ii) above, and modelling these cases with 
the lag model would be inappropriate. An example of this would be a drug trial in which 
patients are randomized immediately after surgery. Here, there is assumed to be no lag in 
the drug effect, but there is a high early post-operative risk that diminishes with time from 
surgery. This high early risk is not related to lag in the effectiveness of the drug, and is thus 
not experienced when a patient begins taking medication later in the trial. 

When only yearly rates are given and constant hazard rate within each year is assumed, 
this amounts to replacing each off-diagonal entry x in T by 1 - (1 - x)'IK. The resulting 
sequence {D, 1 when K = 10 per year for 2 years is given in columns labelled "experimental" 
of Table 1. The previous four columns are the corresponding control group rates. The row 
starting with 1.0 represents the distribution at 1 year into the trial and indicates that in the 
control group, 2% of the cohort has been lost, 61.9% has had events, 33.6% are still taking 
only placebo, and 2.4% are drop-ins. In the experimental group only 56.3% are still event- 
free and complying with the initial therapy. The marginal 1-year event rate ,619 in the 
treatment group is diminished from the assumed .632 because of the losses and because 
drop-ins have lower event rates than those taking placebo. 

Table 1 
The sequence (D,] for the example 

Control Experimental 

In the next section, we derive equations for sample size calculations based on the log- 
rank statistic using probabilities from this combined sequence of distributions. 

3. Derivation of Sample Size for the Log-Rank 

Since the log-rank statistic can be considered as a member of the Tarone-Ware 
class of statistics, we derive estimates for the latter. The Tarone-Ware statistic 
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can be expressed as 

where the sum is over deaths, Xk is the indicator of the control group, w k  is the kth Tarone- 
Ware weight, and mk and nk are the numbers at risk, just before the kth death, in the 
experimental and control groups, respectively. 

Consider the following notation. We first obtain a formula for d, the total number of 
deaths. Partition the period of the trial into N equal intervals, and let there be di deaths 
during the ith interval. Define to be the ratio of patients in the two treatment groups at 
risk just prior to the kth death in the ith interval. Define 8, to be Pl4/P2rk, where P,, is the 
hazard of dying just prior to the kth death in the i th interval in treatment group j. 

Let F and G be the failure-time distributions in the treatment and control groups, 
respectively. We use the log-rank statistic to test a: (1 - F )  = (1 - G) versus Ha: (1 - F) 
# (1 - G). Note that this makes no assumption about the form of the hazard function. 
Then the approximate expectation of (2) under a fixed local alternative is (see Schoenfeld, 
198 1; Freedman, 1982) 

where the right summation of each double summation is over the di deaths in the ith 
interval, and the left summation is over the N intervals that partition the trial. When 
wik  = 1 for all i and k, the log-rank is obtained. Treating this statistic as N(E. I), we have 

where za is the standard normal variate. Assuming 4, - 4i and Wjk w,, constants for all 
k in the ith interval, and letting pi = di/d, where d = di, then (3) becomes 

where 

and 

&i e i  @i 
T i = - - -  and v i  = 

4i 
l+@,Oi  (1 + ' 

Note that e(D) is a function of parameters from the sequence (D J and is independent of di 
and d. Solving (4) and (5) for d yields 
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The quantities pi, qi, and Ti can readily be determined using the Markov model, even 
under a broad range of assumptions. The last four columns of Table 1 display these 
parameters (with 6i and B i )  obtained by performing the appropriate arithmetic operations 
on the other columns of Table 1. Using (7), with power at .90 and a two-sided .05 
significance level, the number of deaths is 102. Since d = N(Pc + Pe)/2, where PC and P, 
are the cumulative event rates, the required total sample size is obtained using the 
cumulative event rates from the last row of Table 1 : 

4. Lag Times, Staggered Entry, and Stratification 

Often we do not expect the reduction in hazard produced by a treatment to occur 
instantaneously, To model lags, consider a continuous-state Markov model in which a 
person assigned to treatment enters an active state Apt, which has event rate PC of the 
placebo controls, and passes through a series of states Ap(() with successively lower event 
rates, eventually arriving in a state A&, which has the risk of fully effective experiment. 
The risk while in Ap(*) is P(t ) ,  where P(t) is intermediate between PC and PE and can take 
on any functional form. Of course, events, losses, and the like can occur at any of the 
intermediate states. As above, to simphfy computation, we assume a discrete time and state 
model in which the two active states Ac and AE have been replaced by the series of states 
ARt). If the lag is p/q years, where g and q are integers, and there are n intervals per year, 
then there are np + 1 states of the form AP([) The rates associated with each of the 
intermediate states are determined by the form of the lag hnction. The associated transition 
matrices are of the form 

where the states Ci denote those on active therapy with current event rate Pi and Dj denote 
noncompliers whose current event rate is P, .  The matrices A, B, C, and D are determined 
by the assumptions of the trial. The following assumptions are typical and lead to the 
matrices described below. 

Assumption A. All actives who remain active (i.e., do not become losses, events, or 
noncompliers) move to the state comesponding to the next lower event rate unless the 



Sample Sizes in Complex Clinica I Trials 235 

medication has reached complete efficacy, in which case they remain at the lowest event 
rate PE. In this case, the only nonzero elements of A are those below the diagonal and the 
single entry in the lower right-hand comer. Each such nonzero entry can be determined by 
subtracting the remainder of the column from 1 .O. 

Assumption B. All actives who do not comply move to the stgte corresponding to the 
next higher event rate. The probability of doing so is the current probability of noncompli- 
ance, regardless of the active state. (Note that in the T matrix, a diagonal element of B 
pairs C,  with a, etc.) Thus, B = diag(di). 

Assumption C. Noncompliers return to active at the drop-in rate. Thus, C = diag(~i). 

Assumption D. All noncompliers move to the state corresponding to the next higher 
event rate until the medication has worn off, in which case they remain at the highest event 
rate PC. In this case, the only nonzero elements of A are those above the diagonal and the 
single entry in the upper left-hand comer. Again, each such nonzero entry can be determined 
by subtracting the remainder of the column from 1 .O. Note that moving the above-diagonal 
of D to two above the diagonal models a decay of effectiveness after noncompliance twice 
as fast as assumed, without changing the rate of onset of effectiveness. Similarly, moving 
the above-diagonal of D to the first row of D models the medication completely losing 
effectiveness immediately upon withdrawal. An example of this general model is given in 
Lakatos (1986), and the computer programs included there account for lag time and 
staggered entry. 

In many trials, recruitment takes place over a period of time while close-out is simulta- 
neous. In this case not all patients are followed for the same length of time. This is generally 
referred to as staggered entry or extended accrual. In the Markov models described above, 
the transition probabilities are functions of the time from entry of the patient rather than 
calendar time. Thus, to preserve the Markov property, we continue to assume all patients 
enter simultaneously and account for staggered entry by "administratively censoring" 
patients in consonance with their accrual pattern. This also conforms to the calculation of 
the log-rank statistic under staggered entry. If the trial is divided into Nequal time intervals 
and pi is the probability of entering the trial during the ith interval, then conditional on 
being in an active state during the (N - k + 1)th interval, the probability of being 
administratively censored during this interval is pk/xf=, pi. Thus, staggered entry can be 
modelled by assuming additional transitions of active patients to a censored state with these 
probabilities. 

In the case of a stratified trial, for each stratum j = 1, . . . , J, obtain a sequence f Dj 1. To 
test Ho : (1 - F) # (1 - G), consider the statistic 

where T~ is a weight to be assigned to the j th stratum, Ej is the expected value of the statistic 
for the j th stratum, given in (3), and pj is the proportion of the sample in the jth stratum 
(q = pjN). The proportion of deaths in the j t h  stratum is a d ,  where 

ql is the proportion allocated to the treatment group, and PE(Dj) is the probability that an 
individual will die by the end of the trial in the jth stratum in the experimental group. 
Hence, 

d =  4 = N C  pj[qIP~(Dj) + (1 - q,)Pc(Dj)] 

and 
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where C1 is a function of (Dj 1, gl ,  and pi. The number of deaths d can be obtained as 
before, simultaneously solving E = (z, + zs)V and the above equation, where V = 7:. 

Bernstein and Lagakos (1978) give an optimal set of weights rj under some proportional 
hazards assumptions. 

5. Examples 

The results of applying these methods to two trials, one with parameters typical of some 
cardiovascular (CVD) trials and the other typical of cancer, are presented in Tables 2 and 
3. The effect of including noncompliance, drop-in, loss, and staggered entry under several 
alternative hypotheses is examined. An attempt is made to keep the parameters comparable: 
in the CVD trial, an "average" of 5 years of follow-up in a 6-year trial with 2 years 
of recruitment is matched with a 5-year simultaneous entry trial. In the cancer trial, 
a 1 &year simultaneous entry trial is compared to a 2-year trial with 1 year of accrual. 

Table 2 
Sample sizes" for a cardiovascular trial using binomial (bin) and log-rank (lf) tests 

- 

Proportional 
hazards 

w 
(Halperin) 

Lag 
Model 2 

Entry Adjustb bin lr bin lr bin lr 
Simultaneous No 2,650 2,654 

Yes 4,914 4,880 
Uniform No 2,651 2,651 

Yes 4,941 4,903 
Nonuniform No 2,753 2,653 

Yes 5,030 4,994 

' Two-sided test with significance level at .05 and power at .90. 
Y Y ~ ' '  indicates adjustment for noncompliance, drop-in, and competing risks, as indicated in Table 4. 

Table 3 
Sample" sizes for a cancer trial: binomial (bin) and log-rank (lr) tests 

- -- - - 

Proportional Lag Lag 
hazards (Halperin) Model 2 

Entry Adjustb bin lr bin lr bin lr 
Sirnuitaneous No 149 135 408 572 1,898 5,043 

Yes 192 164 519 691 2,457 6,225 
Uniform No 156 137 437 575 2,190 5,113 

Yes 204 169 569 710 2,968 6,619 
Nonuniform No 159 141 477 629 2,946 6,862 

Yes 205 173 611 770 3,942 8,820 

" Two-sided test with significance level at .05 and power at .90. 
"Yes" indicates adjustment for noncompliance, dropin, and competing risks, as indicated in Table 4. 

: I 

The rates for the CVD trial (see Table 4) are taken from the SHEP trial and are described 
elsewhere (see Lakatos, 1986). The yearly event rates (PC = .016) are of the same order of 
magnitude as in the cholesterol-lowering trial of the CPPT (Lipid Research Clinics, 1984) 
(& = .0 12). The row heading "adjust" indicates adjustment for noncompliance, loss, and 
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Table 4 
Loss, noncompliance, and dropin rates for a clinical trial 

State Year 1 Year 2 Year 3 Year 4 Year 5 
Lost .03 .032 .034 .036 .038 
Event .0096 .0096 .0096 ,0096 ,0096 
Noncompliance .07 .035 .035 ,035 .035 
Dropin .09 .045 .050 -05 5 .060 
Event .O 16 ,016 .O 16 .O 16 -016 

drop-in. In the cancer trial we use the same rates for noncompliance and the like as the 
CVD trial, but event rates are taken from the example in Gail (1985). The nonuniform 
recruitment rate used in the CVD trial assumes that maximum recruitment is achieved 
during the second year but is only 30% of this rate during the first quarter-year, and 40, 
60, and 80% during succeeding quarters. The corresponding nonuniform rates for the 
cancer trial are 40,60, 80, and 100% for the quarters of year 1. 

The column labelled "Lag (Halperin)" denotes the nonproportional hazards model 
hypothesized by Halperin et al. (1968): an exponential model with a hazard rate that 
changes linearly with time. The other lag model is motivated by the CPPT. Examination 
of the survival curves from that trial reveals that survival in the treatment group is no better 
than control in the first 2 years, after which the curves begin to diverge at an apparently 
constant rate. Thus, the second nonproportional hazards model assumes equal treatment 
and control rates (.016) for the first 2 years on therapy followed by a constant reduction 
(40%) in rates while therapy is maintained. A similar nonproportional hazards alternative 
using no reduction in rate during the first year of therapy and a 2 to 1 hazard ratio while 
therapy is maintained is employed in the cancer trial [here, the motivation stems from the 
ovarian cancer trial in Fleming et al. ( 1 980)l. 

100 
l . f . l . l . ~ . l . l . l . ( . , . l .  

0 - 0  0.1 0.2 0.3 0-4 0.5 0.6 0.7 0 - 0  0.9 1-0 1 - 1  

LAD TIHE I N  YEARS 

LEMNO - LOURRNK --- BINOMIAL - LOORANK8 ----- B I MOM l RLm 

*Wh noncornplonco dc ot 10 porunt 

Figure 1. Sample size as a function of lag time. 
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While these two examples present too limited a view to draw many conclusions, it is 
clear that the sample size for the log-rank may be very sensitive to the specification of the 
nonproportional hazards alternative and that in these cases, the exponential model, as 
represented by the log-rank under proportional hazards, may be rather poor for estimating 
sample size. In these examples, the binomial fares surprisingly well. 

In Figure 1, the effect of lag time (Halperin's model) on sample size in the cancer trial is P 

plotted. As the departure from proportional hazards becomes more accentuated with 
increasing lag time, the advantage of the log-rank over the binomial decreases, and actually 
reverses. Thus, when a substantial lag time in the treatment effect is possible, as with the 
cholesterol-lowering trial, the binomial test may be more powerful. 

With the Markov model, one can examine the effect of various clinical trial conditions 
on the hazard ratio. Figure 2 presents the hazard ratio as a function of time for two 
hypothetical clinical trials. In both cases there is a 1-year lag in the effectiveness of 
medication. The solid line plots the hazard ratio when there is no loss, no noncompliance, 
and no drop-in; the dashed line corresponds to the situation of 10% loss, noncompliance, 
and drop-in. Graphs such as those in Figure 2 allow investigators to determine the extent 
to which a proportional hazards assumption might be violated in a complex clinical trial. 

Figure 2. Hazard ratio as a function of time. 
L 

6. Duration 

The necessary duration of a trial depends on the functional form of the survival and 
w 

censoring distributions as well as the various parameters involved. The literature on 
estimation of duration generally assumes that these distributions are negative exponential, 
and that three parameters remain to be specified: the rate of accrual, the duration of the 
accrual period, and the duration of the follow-up period. Various authors fix one or more 
of these parameters and solve for those remaining. 
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In large clinical trials, not only are all three parameters variable, but the single-parameter 
negative exponential is often too restrictive (see Introduction). Further, the assumption of 
uaiform accrual is violated whenever recruitment requires a phase-in period. Minimum 
follow-up time can depend on design considerations such as whether early or late survival 
is of interest. The number of patients that various clinical sites can handle and the total 
number of possible clinical sites introduce further constraints as well as variation into the 
model. 

Although a simple formula or algorithm for estimating duration would be desirable, the 
above considerations make such a solution impossible in all but the most simple situations. 
Ultimately, we recommend working interactively with the trial planners, producing a 
variety of sample size estimates for different possible scenarios. However, the following 
comments may aid in the estimation of duration in situations in which restrictive assump 
tions are tenable. 

Any method that gives sample size estimates for fmed trial lengths can be adapted in the 
obvious way to iteratively give numerical estimates of necessary duration. Under simulta- 
neous entry, the Markov model approach can yield noniterative numerical duration 
estimates. This can be accomplished by taking advantage of the fact that once the sequence 
(D ) has been calculated for a trial of a given length, then the sequence contains subsequences 
corresponding to each trial of shorter duration. Estimation of the sample sizes for the 
shorter-length trials can be done with little additional effort. Duration is estimated as the 
fmt time at which trial size is large enough to yield the required power, and the numerical 
precision of this estimate of time can be determined in advance by speclfylng a sufficiently 
short transition interval in the Markov process. While simultaneous entry is a rather severe 
restriction, a reasonable estimate of duration under the assumption of uniform entry can 
be obtained by adding one-half the accrual time to the simultaneous duration estimate. 
Once these rough estimates have been obtained, estimates of duration should be based on 
Markov models using the best available estimates of the trial parameters (i-e., event rates, 
accrual rates, and so forth). 

7. Selection of Parameters 

One of the primary advantages of the discrete Markov approach is the ease of adaptation 
to the many complex situations encountered in actual clinical trials. While one is not likely 
to encounter a trial with every feature described above, the method can be used with 
various combinations that do arise. Along with the freedom from specifylng survival 
hnctions and the like in restricted parametric forms is the increased burden of specifylng 
these more complex forms. One should not expect investigators to be able to supply a set 
of parameters as in Table 4 [see Lakatos (1986) for a description of the selection of those 
parameters]. Rather, in the absence of information to the contrary, one could start with 
exponential curves, and test the sensitivity of this and other assumptions. In one trial in 
which recruitment was considerably slower than anticipated, and a decision had to be made 
regarding extension of the recruitment period, we used actual recruitment, noncompliance, 
and dropin rates for the already observed period to determine power associated with some 
possible recruitment extensions. 

I would like to thank Drs Kent Bailey, Erica Brittain, John Lachin, and David Zucker, and 
the referees for valuable comments and suggestions. 
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Le test du logrank est frtkpemment utilis6 pour comparer des courbes de survie. Alors que l'estimation 
des effectifs nikessaires ii la comparaison de pourcentages a 136 adaptie aux conditions typiques des 
essais cliniques (abandons de traitement, inclusion khelonnie, dilai de r6ponse), celle des effectifs 
nkessaires pour un test du logrank n'a pas kt6 gknirali&e ii ces conditions. Cet article p rkn t e  une 
m6thode d'estimation des tailles des khantillom nkessaires pour la comparaison de courbes de survie 
par le test du logrank, prenant en compte les conditions prkitkes. Cette mkthode s'applique aux essais 
stratifik dans lequels ces conditions peuvent varier d'une strate ii l'autre et ne fait pas l'hypothk des 
risques instantank proportionnels. La puissance et la durk  de l'essai peuvent etre &dement estimees. 
La methode fournit aussi des estimations dans le cas de pourcentages et la classe des statistiques de 
Tarone-Ware. 
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A SAS (1 985) computer program implementing the Markov models and some variations is given by 
Lakatos (1986). The following two lines of that program must be interchanged to obtain the 
intermediate distributions needed to calculate the log-rank statistic: 

*END OF T R A M S I T I O M  M A T R I X  LOOP; END; 
DSTRE=DSTR-E  11 DISTR-E ; DSTR-C=DSTR-CII DISTR-C ; 

(The printing of these distributions can be suppressed by deleting the last two lines of the program 
which begin PRINT.) The following lines may be added to obtain the sample size for the log-rank: 
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LOSS-C=DSTRC(1.~-(O~~DSTRC~1,1:(HCOL(DSTR-C)-1))); 
L O S S - E = D S T R ( E ( 1 , ) - ( 0 ~ ~ D S T R E ( 1 , 1 : ~ I I C O L ( O S T R - E ) - 1 ) ) ) ;  
ATRISILC=DSTR-Ct 3 4 ,  ) (+, )+LOSS-C+EVEIIT-C: 
A T R I S L E = O S T R E ( 3  4 , ) ( + ,  )+LOSS-E+EVENT-E; 
PHI=ATRISI,C#/ATRISLE: 
THETA=( EVENT-c#/ATRISK-C I#/(  EVENT-E#/ATRISK-E) : 
RHO=(EVENT-C+EVENT-E I#/( (LVEHT-C+EVENT-E) ( , + I ) ;  
CAWA=PHI#THETA#/( ~ + P H I # T H E T A ) - P H I # / (  1+PHI  ) ; 

ETA=PHI#/( ( I+PHI)##~)  ; 

SIG=SQRT( (RHO#ETA) ( , + I  ; 

0-LR=( ( LALPHA#SIG+LBETA#SI~)#/( (RHO#CAIIMA) ( . + I  1 ) # # 2  ; 

II-LR=2#D-LR#/( OISTR-C+OISTR-E 1 t 2 , )  ; 
P E = D I S T R E ( 2 .  ) ; P C = O I S T R C ( Z ,  ; PBAR=(PE+PC)#/2; 
SICBIWO=SQRT(2#(PBAR)#( 1-PBAR) ) ; S I C B I I A = S P R T ( P E # (  1-PE)+PC#( 1-PC) ) ; 

L I I I = 2 # (  (uLPHA#sIEBIWO+LBETA#SI~BIIIA)#/(PC-PE) ) # # 2  : 
P R I N T  0-LR L L R  I L B I W ;  
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