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ARTICLE INFO ABSTRACT
Keywords: Randomized selection trials are frequently used to compare experimental treatments that have
Generalized exponential distribution the potential to be beneficial, but they often do not include a control group. While time-to-

Randomized control trials
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event endpoints are commonly applied in clinical investigations, methodologies for determining
the required sample size for such endpoints, except exponential distribution, are lacking. In
recent times, there has been a shift in clinical trials, with a growing emphasis on progression-
free survival as a primary endpoint. However, the utilization of this measure has typically
been restricted to specific time points for both sample size determination and analysis. This
alteration in approach could wield a substantial influence on the clinical trial process, potentially
diminishing the capacity to discern variances between treatment groups. In the calculation of
sample sizes for randomized trials, this investigation operates under the assumption that the
time-to-event endpoint conforms to either an exponential, Weibull, or generalized exponential
distribution.

1. Introduction

Clinical trials are research studies that test the effectiveness of medical, surgical, or behavioral interventions on humans. Most
researchers rely on these trials to evaluate whether new therapies or interventions, such as a new medication, diet, or medical device
(such as a pacemaker), are safe and effective in humans. In the majority of cases, clinical trials are designed to test whether a new
treatment is more efficient or has fewer side effects than the existing treatment [1]. It also aims to diagnose a disease early sometimes
before there are any symptoms and also improve the quality of life for people suffering from life-threatening diseases. Thus, to fulfill
these aims people volunteer for clinical trials. The participants of a trial are usually referred to as clinical subjects. The number of
participants in a trial, thus, becomes a major part of the process.

The calculation of sample size (SS) to achieve the research objectives is a key step in the design of clinical studies and it must be
chosen after careful consideration [2]. Planning the SS is essential if the population to be investigated for the study is challenging to
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examine, such as a population with a rare condition where there are enough participants to undertake a trial of the standard size or
a situation where trial participation is constrained, such as pediatric populations. The amount of precision needed, the anticipated
impact size, the outcome’s unpredictability, and the desired level of significance all play a role in determining SS. In terms of
statistical power, the SS should be sufficient to distinguish the experimental group from the control group without being excessive in
terms of resource consumption. Additionally, false negative results may be caused by insufficient sample sizes, whereas false positive
results may be caused by excessive sample sizes.

The design and analysis of randomized clinical trials focus largely on the expected time until an event occurs as the key outcome
variable. The key outcome variable also known as the time-to-event outcome variable reflects the time until a participant has an
event of interest. Sample size calculation methods are well-established for binary endpoints, but for time-to-event endpoints, which
are commonly utilized in clinical trials, there is a lack of corresponding methods except the exponential distribution as discussed
by Kieser [3]. Schober and Vetter [4] pointed out that the event under consideration should have clinical significance, a clear and
precise definition, lack any ambiguity, and ideally, be easily observable.

Lewis [5] discussed that the SS is dependent upon the trial’s characteristics. For example, the therapy for many chronic diseases
seeks to stop or lessen instances of a disease while for a rare chronic disease, the situation might be different. In such scenarios,
entry criteria for clinical trials commonly involve estimating a minimum number of occurrences within a baseline period. McMahon
et al. [6] gave SS formulae that take account of the entry criterion, and derived them for comparison of the mean number of events
at follow-up and the proportion of patients with zero events at follow-up. Sargent and Goldberg [7] discussed a design guided by a
specific decision criterion. Gogtay [8] discussed various formulae to calculate the SS. Chow [9] discussed three approaches for SS
calculation which can be employed depending on the situation. The typical three distinct methods rely on the analysis of precision,
analysis of power, and formulation of probability statements. Precision analysis is used to control the rate of Type I error. Power
analysis is designed to attain a targeted likelihood of accurately identifying a clinically significant distinction when such a distinction
genuinely exists. The intent behind the probability statement is to ensure that the chance of observing a specific event is lower than
a predetermined set of values.

Tasonos and O’Quigley [10] discussed the role of randomization in the early phases of a clinical trial. Pourhoseingholi et al. [11]
discussed certain suggestions for distinct phases within a clinical trial stemming from considerations of SS. Spiegelhalter and Freed-
man [12] identified the weakness in the ‘textbook’ approach for the calculation of SS. To overcome that weakness a new prediction
technique is introduced that considers previous clinical opinions regarding the treatment difference. Cotterill and Whitehead [13]
discussed Phase II trials involving binary endpoints for time-to-event outcomes. Bayesian computations for SS are outlined for both
single-arm and randomized Phase II studies, incorporating proportional hazard models as the basis for time-to-event endpoints. Later
Kakizume et al. [14] extended this idea further in explanatory trials. Zhou et al. [15] discussed a Bayesian optimal Phase II design
tailored for time-to-event endpoints by employing exponential-inverse gamma model.

Dehbi and Hackshaw [16] computed sample sizes for both two- and three-arm randomized selection trials using precise binomial
probabilities, with a predefined margin of practical equivalence (MPE). Later, Dehbi et al. [17] developed the theory for SS calculation
in selection trials. Billings et al. [18] gave an alternative approach for the calculation of SS. This approach is based on the assumption
that both the Type I and Type II errors were symmetric. This approach is heavily grounded in the assumption that the mean treatment
response among groups is well-established, enabling precise medical decision-making and consequently minimizing the likelihood
of a Type III error. The emphasis of this approach is on optimality, rendering the role of the powerless pertinent. Miller et al. [19]
discussed different approaches for SS calculation for clinical trials in rare diseases. Wang and Chow [20] discussed the significance
of time-to-event within clinical trials. Assumptions revolving around proportional hazards (PH) or the exponential distribution of
survival times have been conventionally integrated into SS estimations for two-arm clinical trials featuring a time-to-event endpoint.
Phadnis and Mayo [21] discussed a methodology for calculating sample sizes in specific cases of both non-proportional hazard
and non-proportional time scenarios has been developed. This involves considering that the survival durations for the control and
treatment arms stem from two distinct Weibull distributions with varying location and shape parameters.

The conventional objective of power for a significance test may not always be an achievable or desirable goal for the investigation.
However, selecting this approach and then specifying the necessary parameters for it fairly is a crucial stage in determining SS. This
needs to be done so that the SS may neither exceed nor fall short of the target value. Wrong choice of parameter may lead to either
a very large or small value of the SS which has serious consequences in the trial. If the SS is too small, it becomes difficult to detect
a relevant treatment effect. However, if it is too large, patients enrolled in the trial later might be assigned to a treatment that is
known to be less effective [3].

This study involves a selection trial [17] with time-to-event endpoints and the main objective of this research is to determine
SS assuming generalized exponential distribution and further compare it with Weibull distribution based calculation. This study
is useful to determine how well the drug works in subjects at a given dose to assess efficacy [22-25]. The reason for considering
this particular distribution is explained as follows. According to Gupta and Kundu [26], three-parameter survival distributions
like gamma, Weibull, exponentiated Weibull distribution, etc., contain three parameters namely location, shape, and scale, which
contribute toward their adaptability and suitability for different domains of life. These are preferable to use than the exponential
distribution which has a constant hazard rate. In these distributions, the hazard rate changes as the shape parameter changes as it
is not constant like exponential distribution. However, there are certain limitations associated with the mentioned distributions. For
instance, in the context of the Weibull distribution, the maximum likelihood estimation (MLE) becomes ineffective for specific values
of the location parameter. Similarly, the median survival for the gamma distribution is obtained numerically. Thus, an alternative
probability distribution, known as the generalized exponential distribution, is introduced by Gupta and Kundu [27], which has a
closed-form hazard function and competing model to gamma and Weibull models. This distribution can be seen as a specific instance
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of the exponentiated Weibull distribution when the location parameter is set to zero. The discrimination between the Weibull and
generalized exponential distributions is thoroughly explained in a study by Gupta and Kundu [28].

The rest of the study is divided into four different sections. In Section 2, methods that are used for the analysis of SS calculation
are presented. The results are discussed in Section 3. The conclusion and recommendations are given in Section 4.

2. Methodology for SS calculation for different distributions

This section discusses different methods for the calculation of SS for data generated from two different distributions. Let the
dosage levels be selected and the trial would end in any of three possible states: superiority, practical equivalence, and inferiority.
Let Pyyps PinfsPequi denote the probabilities associated with these three states and py,, + p;, s + Pegui = 1. The probability of the
efficacious dose selected is defined as z. This may occur in one of two ways.

(1) If the observed median for dose 2 surpasses that of dose 1’s median by an extent greater than the MPE, which occurs with
probability py,,.

(2) The observed medians lie within the MPE range, which happens with probability p,,,;. Therefore, the selection of dose 2 is
determined by other factors, such as toxicity and quality of life.

The principle of indifference is applied in the case of lack of information about dose 2 and 7 = py,, + 0.5p,,,;. Thus, it is crucial to
calculate SS given a hypothesized median and MPE for the given two doses which ensures that the 7 exceeded some threshold value,
i.e., 0.80. Such studies are used to determine how well the drug works in subjects at a given dose to assess efficacy [3,22-25].

2.1. SS for exponentially distributed randomized trial

The reason for considering exponential distribution is its simplicity and wide application in time-to-event studies. Assuming no
censoring, consider a trial that compares two levels of different dosages, specifically labeled as 1 and 2. The survival times, denoted
as T follow an exponential distribution, i.e., T} ~ Exp(6,) and T, ~ Exp(6,), 0; > 0. The exponential density function is given by:

g()=0e77", >0

Assuming 6, > 0,, that the median time for dose 1 is greater than dose 2 implies that the median survival time with dose 2 is
%
can state H : T; = T; and H, : ’f; < T; When there is no censoring, the median survival time estimator, denoted as T, is unbiased.
Next, consider the case with no MPE. The main issue is to determine SS to verify that Pr(f’l < f2) > Q for a given threshold Q. In
this context, Pr(7A"1 < 7A"2) IS Pyyp-
Using MPE the efficacious treatment is chosen in two cases:

greater than that with dose 1. This is represented as, T = HL <T, = ei and ﬁ = < T; = I'Lﬁ. Thus, in terms of hypotheses, we
1 2 2

(1) The margin is exceeded by the observed difference in mean survival time between the other level and the more effective dose
level.

(2) In a situation of practical equivalence with only two possibilities the most efficacious treatment is selected with a probability of
50% provided other factors (like toxicity, cost) are unrelated to efficacy.

Let 7,(MPE) be defined as the likelihood of selecting the more effective treatment given an SS n and a given MPE, like three
months of survival. Then, for the exponential distribution, we have

7, (MPE)=Pr(T; =T, <—MPE)+05x Pr(-MPE <T, - T, < MPE). (2.1)

Here, Pr(T| — T, < -MPE) represents p,,,, denoting the probability of the trial concluding with dose 2 being more effective. Addi-
tionally, Pr(-MPE < T, — T, < MPE) is p,,,;, signifying the probability of the trial resulting in a state of practical equivalence. The
resulting SS, denoted as n, is determined to ensure that z,(MPE) exceeds a specified threshold Q.

Consider survival data with right censoring next. In this case, we observe (U;,6;), i = 1,2,...,n, where U; = min(T},C)), §; =

I(T; < C}), and C; representing the random potential censoring time. Since 7} is independent of C;, we assume non-informative
right censoring. Considering that the (U}, 6;), i = 1,2,...,n are exponentially distributed in an identical and independent manner, the

likelihood is

L©) = H(ee—()ui )é,-(e—Hu,-)l—é,- — gre—HW’ 2.2)

i=1

where r=3" 6, and W=3" u InL®) _ -

0
2 - . . . . . .
%Z(e) = 9—2’, respectively. In this context, r signifies the number of observed events, and W is the cumulative sum of observed

P}
event times. The observed information I(§) computed by the negation of the second derivative of the log-likelihood, is given by
ng- With r following a binomial distribution with a non-censoring probability of p, for a SS of n, we have I() = Z—’z’. Utilizing the

The first and second derivatives of the log-likelihood can be expressed as — W and

T

3
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central limit theorem, the sampling distribution of o = # converges to O~N 0,1710) =N, Z—i) as n — oo0. By using the delta
method, the natural logarithm of 8 also follows a normal distribution, nd~N (Ino, nl—p). Since the sampling distribution of nd is
normal, the distribution of In 52 —In @’\1 is also normal, In é\z —In 51 ~N(n6,—1nb;, %). Here, the ratio Z—? corresponds to the hazard
ratio (HR). Thus the expression gets reduced to In §2 —1In §1 ~ N(In(HR), %p). These findings enable the calculation of the necessary

SS through the standard normal distribution. Assuming 6, > 6,, equation (2.1) can now be expressed as z,(M PE) = Pr(§2 - 9\1 <
—MPE)+05X Pr(—MPE < @2 — 9\1 < M PE). This is followed by calculating the adequate SS to achieve z,(M PE)

R=A(MPE,Q)=min{n€ N : z,(MPE) > O}
2.2. SS for Weibull randomized trial

Since the Weibull distribution is a generalization of the exponential distribution and is more flexible in terms of hazard shape, it
is also used as a benchmark model in time-to-event studies. Let the time-to-event for the kth arm (k = 1, 2) adheres to the Weibull
distribution with shape parameter «; and rate parameter 6,. For ¢ > 0, the density function is expressed as

g(t) = 2,0,(0,)% e~ @™ (5, ,a,) > 0.
Furthermore, let y, represent the median time-to-event in the kth arm. For the Weibull distribution, the median time to an event is

1
u=0""In2z. We consider doses 1 and 2 practically equivalent if the difference in medians falls within the predefined MPE, i.e.,

|4y — 1| < M PE.

If the median event time for dose 2 surpasses that of dose 1 by a margin greater than the predetermined MPE (Margin of Practical
Equivalence), denoted as u, — y; > MPE, then dose 2 is deemed superior to dose 1. The current emphasis lies in estimating the
median event time for each treatment arm, while accounting for non-informative random right censoring. The likelihood function
pertinent to this scenario can be formulated as follows:

n
L(a,0) = [ Jlag ur" e~ 0" (2.3)
i=1

Using profile likelihood, the MLE of 6 [29] (and supplementary text of [17]) is calculated as follows:

n o -1/«
O(a) = <%> 2.4
Ziz1 6

and after obtaining 0, the estimate of @ can be obtained easily [27]. According to the invariance principle, the MLE of the median

becomes fi=80""In 2%. Then, employing the delta method, the standard error (SE) for 7 in large samples can be obtained.

To estimate the SS, we use a large sample approximation, wherein ji; ~ N (yy, 8,2”(), where i signifies the median time-to-event
in treatment arm k under the Weibull model, and 8”’,( stands for the corresponding standard error (SE). For a pre-specified MPE, the
probability of selecting the more effective dosage level is calculated as:

7, (MPE)= Pr(fl, — i, > MPE) + 0.5 x Pr(|fi, — i;| < M PE)

MPE — - —MPE — -
=1—%<I){ (1 ﬂl)}_%q){ (1 Ml)} (2.5)
\/Gu1 + 0,0 \/Cu1+8,2
where @(.) denotes the cumulative probability of N(0,1). Using z,(MPE) and ensuring a probability of selection of at least Q, the
required SS for identifying the most effective treatment is determined

A=AMPE,Q)=min{n€ N : n,(M PE)> Q}

To verify the power computations using equation (2.5), simulated Weibull datasets were generated with shape and rate parameters
(a;,60,) and (a,, 6,) for doses 1 and 2, respectively. For each treatment arm, k € 1,2, the MLE of the median fi;, and its corresponding
standard error 0,k Were calculated [30]. The probability of choosing a more efficacious treatment x,(M PE) for a specified MPE
was calculated using two methods:

(1) Using a large sample approximation as given in equation (2.5).
(2) Empirically by averaging =, (M PE) = Pr(ji, — i > M PE)+ 0.5 X Pr(|ji, — i;| £ M PE).
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2.3. SS for generalized exponential randomized trial

For the generalized exponentially distributed data, our starting point involved instances without censoring, where the time taken
by each participant to experience a specific event is documented. As previously, let a trial encompassing two different dosage
levels, denoted as levels 1 and 2. The survival times T were distributed according to the generalized exponential distribution. More
specifically, 7| ~ GenExp(«;,6,) and T, ~ GenExp(a,,6,), where ; > 0 and 6; > 0 for i = 1,2. The generalized exponential density
function is

g =afe {1 - 0")o! (2.6)

For a generalized exponential distribution governed by a shape parameter @ and a rate parameter 0, the median time-to-event is
given by —%(ln(l —0.5!/%)). We deem doses 1 and 2 as practically equivalent if the disparity between their medians falls within the
MPE range, expressed as |y, — y;| < M PE. When the median of dose 2 surpasses dose 1 by a margin greater than the MPE, which
is expressed as u, — y; > MPE, we consider dose 2 to be superior to dose 1. Moving forward, our objective is to estimate the median
event time for each of the two treatment arms by utilizing non-informative random right censoring. In the case of a particular arm,
the data is represented as tuples (U, §;), where U; = min(7}, C;), and §; is one if T; < C; and zero otherwise. The likelihood is

L(a,0)= | [ a7 {1 — 70" )21 2.7)

n
i=1
Using the MLE method, we estimated the parameters @ and 6 while using the invariance property, the MLE of the median is thus
obtained, which is /i = —%(m(l —0.5/),

To estimate the SS, a large sample approximation is employed where 7, follows a normal distribution N (uk,ﬁi ). Here, i

represents the median time-to-event in treatment arm k based on the generalized exponential model, and &,  is the associated SE.
Given the MPE, we determine the probability of selecting the more effective dosage level using:

7, (MPE)= Pr(fl, — i, > MPE) + 0.5 x Pr(|fi, — i;| < M PE)

MPE — - —-MPE — -
:1_%®{ (1 ﬂl)}_%q){ (1 Ml)} 2.8)
\/Gu1 + 0,0 \/Cu1 +8,2
where @(.) denotes the cumulative distribution function of N (0, 1). Using x,,(MPE) and ensuring a probability of selection of at least
Q, the required SS for identifying the most effective treatment is determined by

A=AMPE,Q)=min{n€ N : n,(M PE)> Q}

For verifying the power calculations presented in equation (2.8), a series of simulations were conducted for various sample sizes
n €5, 10, ..., 100. These simulations involved generating datasets with distinct shape and rate parameters («,,6;) and (a,,6,) for both
dosages. For each treatment arm k € 1,2, the MLE of the median fi;, and the corresponding SE o, are calculated. Subsequently,
the probability of selecting a more effective treatment, denoted as z,,(M PE), is computed for a specified MPE using two different
methods:

(1) Using a large sample approximation as given in equation (2.8).
(2) Empirically by averaging =,,(M PE) = Pr(ji, — ji; > M PE)+ 0.5 X Pr(|ji, — ji;| < M PE).

3. Data generation and results

In survival analysis, the data usually consists of two columns, i.e., survival time and censoring status. Data are generated by
varying both parameters of the distribution using the library temporal as discussed in McCaw [30]. The steps involved in SS calculation
are given as follows.

(1) Generate data from a given distribution.

(2) Estimate the parameters of the model using the optimize function of the R package maxLik. In this study, we used two sets of
parameters. The first one is a, =2.4, 2.5, 2.6, 2.7, 2.8, 2.9, 3.0 and 6, =0.08 and 0.09, whereas the second set of parameters is
a,=1.5,1.6,1.7,18, 1.9, 2.0, 2.1, 2.2, 2.3, 2.4, 2.5, 2.6, 2.7, 2.8, 2.9, 3.0, and 6, =0.10 and 0.11 for the models considered in
this study.

(3) Calculate the median and SE of the median using estimated parameters.

(4) Specify the power or the target probability and calculate the probability for the correct selection of treatment that meets the
minimum threshold value.

(5) The required value of n is the smallest value for which the condition in Step 4 becomes true.
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Table 1
Sample size for Weibull randomized trial.

censoring (%) 6, a,

2.4 2.5 2.6 2.7 2.8 2.9 3.0

0 0.08 10 10 10 107 107 10 10
0.09 71 48 36 29 26 22 20
10 0.08 10 10 10 10° 107 10 10
0.09 72 49 39 31 27 23 20
20 0.08 10 10 10 107 107 10 10
0.09 75 50 40 32 27 24 20
30 0.08 10 10 10 10° 107 10 10
0.09 81 55 42 35 29 25 22
40 0.08 10 10 10 10° 107 10 10

0.09 88 60 46 38 33 28 25

2 Adjusted value.

3.1. Results and discussion

This section discusses the results computed using different models. We begin with the values of median survival of the two arms.
The median survival in arm 1 in the case of Weibull is 8.3 months which occurs when @ =2 and 6 = 0.10. For arm 2, we vary the
values of the parameters such that our initial assumption of 8, > 6, remains true. We consider different values of the parameters of
the second treatment arm such that the median difference between the two arms is up to 4 months. The results for different median
differences of the two arms are discussed below.

3.1.1. SS for Weibull distribution

This section presents and discusses the results of SS calculated for randomized trials under the Weibull distribution. The results
for different median differences of the two arms in cases with and without censoring are shown and discussed here. Table 1 considers
the cases of censoring from 0% to 40%. It shows that for a given value of the rate parameter say 0.09, a smaller SS is required to
attain the condition of practical equivalence for increasing values of the shape parameter. To achieve 80% statistical power, the
necessary SS required is 71 patients. This calculation takes into consideration the MPE of one month. Consequently, when dealing
with smaller median differences, a larger SS is needed to attain 80% power. On the other hand, as the median difference becomes
larger, a smaller SS suffices to achieve the same 80% power. When the censoring rate is raised to 10%, and the shape parameter is
adjusted while keeping the rate parameter constant, the necessary SS decreases. However, it is important to highlight that, even in
this scenario, larger sample sizes are needed compared to those required in the absence of censoring. We attribute this to the loss of
information while censoring. For example, for a, =2.4 and 6 = 0.09 a sample of 72 patients is required to attain 80% power. Now in
the case of 20% censoring, the SS rises to 75 under the same conditions. As the censoring rate increases from 20% to 30% the SS gets
larger, i.e., the SS rises to 81. With 40% censoring, the SS needed is 88. This leads us to the observation that as the rate of censoring
increases, a greater SS becomes necessary to achieve the desired power level (80% in our study). Another noteworthy aspect is the
median difference’s influence. A decrease in median difference demands a larger SS for reaching the desired power, while an increase
in median difference demands a smaller SS to achieve the desired power while keeping all other factors constant.

As in Table 1 one can notice that for 6 = 0.08 the value for SS is 10 for all values of a,. This arises due to a greater difference in
the two median arms compared to the other value which is equal to 0.09. When the median difference between the two arms gets
greater, a smaller SS is required to achieve the practical equivalence. Therefore, in this case, the SS is smaller as the difference is
greater (the minimum value of SS in the result).

We also assumed 6, = 0.10 and 0.11, where the median survival in arm 1 in the case of Weibull is 6.5 months which occurs when
a=1.5 and 6, =0.12. For arm 2, we vary the values of the parameters such that our initial assumption of 8, > 6, remains true. We
consider different values of the parameters of the second treatment arm such that the median difference between the two arms is
up to 4 months. The results for different median differences of the two arms are listed in Table 2. Table 2 considers the cases of
censoring from 0% to 40%. It shows that for a given value of the rate parameter say 0.11, a SS of 60 patients is required to attain the
condition of practical equivalence for increasing values of the shape parameter. Consequently, when dealing with smaller median
differences, a larger SS is needed to attain 80% power. On the other hand, as the median difference becomes larger, a smaller SS
suffices to achieve the same 80% power. When the censoring rate is raised to 10%, the necessary SS increases. The results are further
illustrated in Fig. 1.

3.1.2. SS for the generalized exponential distribution

This section presents and discusses the results of different median differences of the two arms in cases with and without censoring
for a randomized trial assuming the generalized exponential distribution.

Table 3 lists the results for SS estimation with 0% to 40% censoring. It shows that for a given value of the rate parameter say 0.08
smaller SS is required to attain the condition of practical equivalence for increasing values of the shape parameter. The calculations
show that for five-month difference in the median between the two arms, a SS of 15 patients per arm is needed to attain 80% power
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Table 2
Sample size for Weibull randomized trial.

censoring (%) 0, a,

1.5 1.6 1.7 1.8 1.9 2.0 21 2.2 2.3 2.4 2.5 2.6 2.7 2.8 2.9 3.0

0 0.10 18 15 13 11 10 10 10 10 10 10 10 10 10 10 10 10
0.11 61 42 33 28 23 19 17 16 14 13 13 12 11 10 10 10

10 0.10 18 16 14 12 11 10 10 10 10 10 10 10 10 10 10 10
0.11 62 43 33 28 23 20 19 16 14 13 13 12 12 11 10 10

20 0.10 20 16 14 12 11 10 10 10 10 10 10 10 10 10 10 10
0.11 66 46 35 30 25 22 19 17 17 14 14 13 12 11 10 10

30 0.10 21 17 15 13 12 11 10 10 10 10 10 10 10 10 10 10
0.11 69 49 37 31 27 23 21 19 17 15 15 13 12 12 11 10

40 0.10 22 19 15 14 13 12 11 10 10 10 10 10 10 10 10 10
0.11 76 51 41 33 28 25 22 20 19 16 15 14 13 12 11 10
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Fig. 1. Sample Size for Weibull randomized trials assuming (a) 0%, (b) 10%, (c) 20%, (d) 30%, and (e) 40% censoring.

with the MPE of one month. For the value 0.09 of the rate parameter, the median difference gets smaller for the same values of shape
parameters. Hence, as the shape parameter remains constant, the median difference diminishes, and for narrower median differences,
a larger SS is necessary to achieve 80% power. Conversely, when the median difference rises, a smaller SS suffices to attain 80%
power.

For 10% censoring, the SS increases. However, it is essential to observe that despite this trend, the required SS remains larger
for the specific parameter values than that was required in the case without censoring. For example, for a, =2.4 and 6 = 0.09, a
sample of 39 patients is required to attain 80% power whereas when there is no censoring, a study would need a SS of 34 patients
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Table 3
Sample size for generalized exponential randomized trial.

censoring (%) 6, a,

2.4 2.5 2.6 2.7 2.8 2.9 3.0

0 0.08 15 13 11 10 10 10° 10
0.09 34 38 22 20 17 15 14

10 0.08 17 14 13 11 11 10 10
0.09 39 30 25 22 19 17 15

20 0.08 20 16 15 13 11 10 10
0.09 45 36 29 25 21 19 18

30 0.08 22 19 17 15 14 13 11
0.09 53 42 34 28 26 23 21

40 0.08 27 23 21 20 16 15 14
0.09 67 52 41 34 29 27 26

2 Adjusted value.

Table 4
Sample size for generalized exponential randomized trial.

censoring (%) 0, a,

1.5 1.6 1.7 1.8 1.9 2.0 21 2.2 2.3 2.4 2.5 2.6 2.7 2.8 2.9 3.0

0 0.10 35 28 20 18 15 14 12 11 10 10 10 10 10 10 10 10
0.11 47 32 25 23 20 18 15 14 12 11 10 10 10 10 10 10

10 0.10 39 30 24 20 17 15 13 12 12 10 10 10 10 10 10 10
0.11 52 43 34 28 24 19 17 16 14 13 12 11 11 10 10 10

20 0.10 43 36 27 25 21 17 15 13 12 11 10 10 10 10 10 10
0.11 60 45 40 31 25 21 19 17 16 14 13 12 11 10 10 10

30 0.10 50 40 28 26 23 21 17 16 14 13 12 11 11 10 10 10
0.11 72 51 40 34 31 27 23 20 18 16 15 14 13 12 11 10

40 0.10 60 43 34 31 28 25 21 20 18 15 14 13 13 12 11 10
0.11 80 56 46 37 33 30 26 23 22 20 19 17 16 15 14 10

given the same conditions. Therefore, it can be inferred that the presence of censoring necessitates a larger SS to satisfy the specified
conditions. As the censoring rate increases from 10% to 20% understandably the required SS gets larger. The SS which was 34 and
39 in the presence of 0% and 10% censoring, respectively, now rises to 45 under the same conditions. Similarly, as the censoring
rate increases from 20% to 30%, the required SS gets greater. The SS which was 45 in the presence of 20% censoring, now rises to
53 under the same conditions. The SS, which is 53 under 30% censoring, grows to 67 for 40% censoring. This illustrates that as the
censoring rate becomes greater, a larger SS becomes necessary to achieve the designated power of 80%. Similarly, the results for
other censoring rates can be interpreted.

Table 4 considers the case with 0% to 40% censoring. It shows that for a given value of the rate parameter say 0.11 smaller SS
is required to attain the condition of practical equivalence for increasing values of the shape parameter. Calculations show that for
five months difference in median between the two arms SS of 35 patients per arm is needed to attain 80% power. For the value 0.11
of the rate parameter, the median difference gets smaller for the same values of shape parameters. Hence, as the shape parameter
remains constant, the median difference diminishes, and for narrower median differences, a larger SS is necessary to achieve 80%
power. Conversely, when the median difference rises, a smaller SS suffices to attain 80% power. The SS increases as the censoring
rate increases. For example, the SS which was 28 and 30 in the presence of 0% and 10% censoring for a, = 1.6, respectively, now
rises to 36 for 20% censoring. The results are further illustrated in Fig. 2.

3.2. Comparison of results of the two distributions

After calculating the SS assuming Weibull and generalized exponential distributions, the question now arises which distribution
is better to determine SS. The better one under the same conditions would be the one that requires a smaller SS compared to the
other. As one can notice from the tables the SS required for generalized exponential distribution is smaller compared to the Weibull
distribution for the given value of shape and rate parameter. For example, assuming a, = 2.4 and ; = 0.09 to attain 80% power
without censoring, the Weibull distribution requires a SS of 71, while the generalized exponential distribution requires a SS of 34.
However, as the censoring rate increases, the SS also increases but it is smaller for the generalized exponential distribution compared
to the Weibull distribution. Similarly, for « = 1.5 and 6§ = 0.11, to attain 80% power, the Weibull distribution gave a SS of 60, while
the generalized exponential distribution requires a SS of 28 without censoring. This demonstrates that the generalized exponential
distribution outperforms the Weibull distribution in achieving the stated practical equivalence under the MPE of one month and 80%
power. An important observation here pertains to the value of the MPE. When the MPE value is zero, the probability of selection of
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Fig. 2. Sample Size for generalized exponential randomized trials assuming (a) 0%, (b) 10%, (c) 20%, (d) 30%, and (e) 40% censoring.

the right treatment approaches one as the SS increases. Conversely, if the MPE is greater, i.e., 2, which indicates that the expected
median difference is within the MPE, the probability of selection of treatment approaches 0.5 as the SS increases. Generally, when
the anticipated difference in the median is within the MPE, the probability of selecting the more effective treatment is expected
to decrease towards 0.5 with larger sample sizes. This phenomenon is due to the increasing likelihood that the median difference
will fall within the MPE range as the SS grows. In the case of small sample sizes, the more effective treatment could inadvertently
demonstrate a superiority over the competitor by a margin exceeding the MPE. It is important to emphasize that planning a trial
holds limited practical significance in cases where the difference in medians is within the MPE. For this reason, an MPE of one is
chosen.

4. Conclusion and recommendations

The goal of randomized selection trials is to suggest the best treatment option. However, the treatment decision must take into
account more than just efficacy unless there is a considerable difference in the options’ efficacy. The MPE can be incorporated into
the research design phase to achieve the goal of best treatment systematically. Randomized trials are particularly relevant when a
recognized standard of care is absent. In such cases, the notion of Type I error does not directly relate to sample size calculation,
as the absence of an internal competitor. However, researchers can define a minimal efficacy threshold that a treatment approach
should satisfy to warrant further consideration. Considering external or historical references, such a threshold can be created.

This study focused on determining the necessary sample size for a selection randomized trial involving time-to-event endpoints,
utilizing parametric survival distributions. Our methodology is particularly suitable when there’s limited prior knowledge about the
survival curve or when external data indicates that Weibull or generalized exponential models suitably approximate the curves. While
the exponential model assumes a constant hazard function, the Weibull and generalized exponential models exhibit a monotonic
hazard function. In cases where there is a possibility of a different hazard function shape, simulations can be employed to derive the
requisite sample size. In this research, a probability threshold of 0.80 is taken. The treatment’s probability of being correctly selected
is considered higher than this threshold value for a specific sample size n. The minimum value of n for which it attains the threshold
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value of 0.80 is thus the required sample size. It is shown that a large sample size is required if there is a large censoring and vice
versa. Similarly, assuming the same values of parameters, generalized exponential results into smaller sample sizes to achieve the
same power.

In the future, this study can be expanded by employing other survival distributions such as gamma, generalized gamma, and
log-normal distributions.

Computational code availability
The R codes used in this study is available from the corresponding author.
Funding
The authors received no specific funding for the article.
Ethics approval and consent to participate
Not Applicable.
CRediT authorship contribution statement

Muhammad Hamza Akbar: Writing — original draft, Software, Investigation. Sajid Ali: Visualization, Project administration,
Formal analysis, Conceptualization. Ismail Shah: Writing — original draft, Supervision, Resources, Investigation. Hana N. Alqifari:
Writing — original draft, Validation.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability
Data sharing is not applicable to this article as no new data were created or analyzed in this study.
Acknowledgement

The authors would like to thank the anonymous referees for constructive comments to improve the presentation and quality of
the work.

References

[1] L.N. Yaddanapudi, The American statistical association statement on P-values explained, J. Anaesthesiol., Clin. Pharmacol. 32 (4) (2016) 421.
[2] J.M. Lachin, Introduction to sample size determination and power analysis for clinical trials, Control. Clin. Trials 2 (2) (1981) 93-113.
[3] M. Kieser, Methods and Applications of Sample Size Calculation and Recalculation in Clinical Trials, Springer, 2020.
[4] P. Schober, T.R. Vetter, Survival analysis and interpretation of time-to-event data: the tortoise and the hare, Anesth. Analg. 127 (3) (2018) 792.
[5] J.A. Lewis, Statistical principles for clinical trials (ICH E9): an introductory note on an international guideline, Stat. Med. 18 (15) (1999) 1903-1942.
[6] R.P. McMahon, M. Proschan, N.L. Geller, P.H. Stone, G. Sopko, Sample size calculation for clinical trials in which entry criteria and outcomes are counts of
events, Stat. Med. 13 (8) (1994) 859-870.
[7]1 D.J. Sargent, R.M. Goldberg, A flexible design for multiple armed screening trials, Stat. Med. 20 (7) (2001) 1051-1060.
[8] N.J. Gogtay, Principles of sample size calculation, Indian J. Ophthalmol. 58 (6) (2010) 517.
[9] Shein-Chung Chow, Sample size calculations for clinical trials, Wiley Interdiscip. Rev.: Comput. Stat. 3 (5) (2011) 414-427.
[10] A. Iasonos, J. O’Quigley, Randomised phase I clinical trials in oncology, Br. J. Cancer 125 (7) (2021) 920-926.
[11] M.A. Pourhoseingholi, M. Vahedi, M. Rahimzadeh, Sample size calculation in medical studies, Gastroenterology Hepatology Bed Bench 6 (1) (2013) 14-17.
[12] D.J. Spiegelhalter, L.S. Freedman, A predictive approach to selecting the size of a clinical trial based on subjective clinical opinion, Stat. Med. 5 (1) (1986) 1-13.
[13] A. Cotterill, J. Whitehead, Bayesian methods for setting sample sizes and choosing allocation ratios in phase II clinical trials with time-to-event endpoints, Stat.
Med. 34 (11) (2015) 1889-1903.
[14] T. Kakizume, F. Zhang, Y. Kawasaki, T. Daimon, Bayesian sample-size determination methods considering both worthwhileness and unpromisingness for ex-
ploratory two-arm randomized clinical trials with binary endpoints, Pharm. Stat. 19 (1) (2020) 71-83.
[15] H. Zhou, C. Chen, L. Sun, Y. Yuan, Bayesian optimal phase II clinical trial design with time-to-event endpoint, Pharm. Stat. 19 (6) (2020) 776-786.
[16] H-M. Dehbi, A. Hackshaw, Sample size calculation in randomised phase II selection trials using a margin of practical equivalence, Trials 21 (2020) 1-7.
[17] H-M. Dehbi, A. Embleton-Thirsk, Z.R. McCaw, Sample size calculation for randomized selection trials with a time-to-event endpoint and a margin of practical
equivalence, Stat. Med. 41 (20) (2022) 4022-4033, discovery.ucl.ac.uk.
[18] M. Billings, M.G. Lopez, B.A. Dye, Sample size for clinical trials, Oral Dis. 23 (8) (2017) 1013-1018.
[19] F. Miller, S. Zohar, N. Stallard, J. Madan, M. Posch, S.W. Hee, M. Pearce, M. Vagerd, S. Day, Approaches to sample size calculation for clinical trials in rare
diseases, Pharm. Stat. 17 (3) (2018) 214-230.
[20] H. Wang, Shein-Chung Chow, Sample Size for Comparing Time-to-Event Data, Methods and Applications of Statistics in Clinical Trials: Planning, Analysis, and
Inferential Methods, vol. 2, 2014, pp. 664-671.

10


http://refhub.elsevier.com/S2405-8440(24)03044-5/bibF9682099BEBD6E85385F6EE5A8A888A9s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib9DDD71F3B3638A851CF85D8173B83D13s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibE0D5FE5903F00D4EC73F8C891825FF26s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibB1AAA385C0E5C0EDECDDCE7D4A06BC4Cs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib658EC846A0DA20BC95D6173D822C2C7Cs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibB602FB47A666BDC45FA826FC3D57E913s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibB602FB47A666BDC45FA826FC3D57E913s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib6DA19C9A22FC4D105F9BBDBEBE8F3CD2s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibB6C660888DDBD47B7AD133524A9F6FC5s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibFF616B231C5E861F4A9FBED08681E9EDs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibE8AA72B34CFCE429715A50991C9E0D29s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibD99C3D1E9A41B22FA67952F11F8E4B62s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib98D4C66490A33601735295D2EE20258As1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib2CCBBCAA0C1C270075016940C4A94060s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib2CCBBCAA0C1C270075016940C4A94060s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib91246C044C5F0B54ECECF90CF3E7D03Bs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib91246C044C5F0B54ECECF90CF3E7D03Bs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib4F81CB6E31241C46A7D325AF6F1646D3s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib5587ADB236AB5E2DDA874A7F4052AE94s1
http://discovery.ucl.ac.uk
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibE4434ECF688253B27EF2A78D258CB1BDs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib1E29909EF8CEBD4EE4637D312ABD286Fs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib1E29909EF8CEBD4EE4637D312ABD286Fs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibD0806657E85EF3347F7DF9FB1C57704Bs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibD0806657E85EF3347F7DF9FB1C57704Bs1

M.H. Akbar, S. Ali, I. Shah et al. Heliyon 10 (2024) 27013

[21] M.A. Phadnis, M.S. Mayo, Sample size calculation for two-arm trials with time-to-event endpoint for nonproportional hazards using the concept of relative time
when inference is built on comparing Weibull distributions, Biom. J. 63 (7) (2021) 1406-1433.

[22] A. Dierig, M. Hoelscher, S. Schultz, L. Hoffmann, A. Jarchow-MacDonald, E.M. Svensson, L. Te. Brake, R. Aarnoutse, M. Boeree, T.D. McHugh, L.M. Wildner, X.
Gong, P.P.J. Phillips, L.T. Minja, N. Ntinginya, S. Mpagama, A. Liyoyo, R.S. Wallis, M. Sebe, F.A. Mhimbira, B. Mbeya, M. Rassool, L. Geiter, Y.L. Cho, N. Heinrich,
A phase IIb, open-label, randomized controlled dose ranging multi-centre trial to evaluate the safety, tolerability, pharmacokinetics and exposure-response
relationship of different doses of delpazolid in combination with bedaquiline delamanid moxifloxacin in adult subjects with newly diagnosed, uncomplicated,
smear-positive, drug-sensitive pulmonary tuberculosis, Trials 24 (382) (2023) 1-15.

[23] E.C. Haley Jr, J.L.P. Thompson, J.C. Grotta, P.D. Lyden, T.G. Hemmen, D.L. Brown, C. Fanale, R. Libman, T.G. Kwiatkowski, R.H. Llinas, et al., Phase IIB/III trial
of tenecteplase in acute ischemic stroke: results of a prematurely terminated randomized clinical trial, Stroke 41 (4) (2010) 707-711.

[24] Woo-Suk Lee, H.J. Kim, Kang-Il. Kim, G.B. Kim, W. Jin, Intra-articular injection of autologous adipose tissue-derived mesenchymal stem cells for the treatment
of knee osteoarthritis: a phase iib, randomized, placebo-controlled clinical trial, Stem Cells Transl. Med. 8 (6) (2019) 504-511.

[25] S. Jabbour, J. Seufert, A. Scheen, C.J. Bailey, C. Karup, A.M. Langkilde, Dapagliflozin in patients with type 2 diabetes mellitus: a pooled analysis of safety data
from phase IIb/III clinical trials, Diabetes Obes. Metab. 20 (3) (2018) 620-628.

[26] R.D. Gupta, D. Kundu, Generalized exponential distributions, Aust. N. Z. J. Stat. 41 (2) (1999) 173-188.

[27] R.D. Gupta, D. Kundu, Generalized exponential distribution: different method of estimations, J. Stat. Comput. Simul. 69 (4) (2001) 315-337.

[28] R.D. Gupta, D. Kundu, Discriminating between Weibull and generalized exponential distributions, Comput. Stat. Data Anal. 43 (2) (2003) 179-196.

[29] E. Makalic, D.F. Schmidt, Maximum likelihood estimation of the Weibull distribution with reduced bias, Stat. Comput. 33 (2023) 69.

[30] Z. McCaw, Temporal: parametric time to event analysis, http://www.cran.r-project.org/web/packages/Temporal/index.html, 2020.

11


http://refhub.elsevier.com/S2405-8440(24)03044-5/bib8A76CDFAE1F559055CC20911325B2EADs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib8A76CDFAE1F559055CC20911325B2EADs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib565D008474834831D44E3E000E6F9690s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib565D008474834831D44E3E000E6F9690s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib565D008474834831D44E3E000E6F9690s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib565D008474834831D44E3E000E6F9690s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib565D008474834831D44E3E000E6F9690s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib82F2EC5F5ED4DFED2B55C68496D7BAC4s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib82F2EC5F5ED4DFED2B55C68496D7BAC4s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib51BB788EB8FE3A72CA7A3CDB276B4CB7s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib51BB788EB8FE3A72CA7A3CDB276B4CB7s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibE24BF4AD25EEEB679F6FAAAB4EFC540Fs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibE24BF4AD25EEEB679F6FAAAB4EFC540Fs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib5F816BD28974FB0A0B959A06BB4F2C50s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib7B08BFC06C238B982AC2B8B03CA48206s1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bibDC7D70C7DA8B23D5C11250C4AD06027Cs1
http://refhub.elsevier.com/S2405-8440(24)03044-5/bib945558784AD9BBCD3486D90D1379E115s1
http://www.cran.r-project.org/web/packages/Temporal/index.html

	Sample size determination for time-to-event endpoints in randomized selection trials with generalized exponential distribution
	1 Introduction
	2 Methodology for SS calculation for different distributions
	2.1 SS for exponentially distributed randomized trial
	2.2 SS for Weibull randomized trial
	2.3 SS for generalized exponential randomized trial

	3 Data generation and results
	3.1 Results and discussion
	3.1.1 SS for Weibull distribution
	3.1.2 SS for the generalized exponential distribution

	3.2 Comparison of results of the two distributions

	4 Conclusion and recommendations
	Computational code availability
	Funding
	Ethics approval and consent to participate
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgement
	References


