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Abstract: Objective of this paper is to explain the conditional power (CP) through a case study which is a single arm, 

two stages, oncology phase –II with the sample size of 63 patients. In first stage we have enrolled 23 patients these were 

followed for a year. Based on stages – I study data, we need to plan whether study will continue in stage –II for remaining 

40 patients i.e. 63-23 = 40 (63 patients are sample size in which 23 patients have been enrolled and followed up for a year 

in stage -I). Through conditional power which is a frequentist approach it can give a direction for taking decision whether 

study will continue or not. The estimation of conditional power (CP) is based on Z-statistic, Kaplan Meier (KM) survival 

probability and presumed survival probability of study treatment. A confident result is obtained from this study data. The 

computed conditional power is more than 80% which give a confidence for continuation of study in next stage. A 

conditional power (CP) from stage –I data is playing a very vital role to assess the decision for continuation of study in 

next stage i.e. stage –II. However, apart from conditional power (CP), the clinical investigator decision on safety issues and 

their statistical proof provide the essential evidence to make a conclusion that whether study will carry on to the next stage 

or it will be stopped in existing stage.   
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INTRODUCTION 
 

We are going to describe the statistical theory of early stopping for futility in sequential clinical trial design. In general, 

sequential designs one or more interim analyses can be performed to evaluate study will continue or need to stop. Halperin 

and colleagues (Controlled Clin Trials 3:311–323, 1982) have suggested calculating the power of a continued 

trial, conditional on the data observed so far and the null and alternative hypothesis specified at the start of the trial. This 

may be done to keep resources or to allow a data monitoring board to evaluate safety and efficacy when subjects are 

entered in a staggered fashion over a long period of time. As per definition of conditional power it is a frequentist concept 

of probability that final result will be significant, given the data obtained up to the time of the interim look. Although 

numerical methods are generally required for evaluating the necessary integrals, the results may be presented graphically 

and enable the statistician to answer the question: “With this data, what is the probability that the trial will finish up 

showing a decisive result?”.Predictive power (a Bayesian concept) is the result of averaging the conditional power over the 

posterior distribution of effect size.  

 

Generally speaking, interim monitoring or analyses are the analysis of the data at one or more time points prior to the 

official close of the study, with the intention of possibly terminating the study early. Stopping because the new therapy is 

better (efficacy) is the most common reason for interim analysis, though there are others. Sometimes we might want to 

end a study early if a substantial number of patients experience serious side effects (safety). Other times, we may want to 

end a study early because the evidence clearly shows that the results at the end of the trial are likely to be negative. This 

approach is sometimes called futility analysis.  
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There are three major reasons for interim analyses of clinical trials. The first reason is the ethical requirement. 

  

1. Obviously, it is unethical if trial subjects are exposed to unsafe, ineffective treatments. Interim analyses can reveal 

those unsafe, inferior or ineffective treatments so that an early decision to stop a trial can be made.  

2. The second reason is administrative requirements. Interim analyses are necessary to ensure that the trial is executed as 

planned; trial participants who satisfy the inclusion and exclusion criteria are sampled from the correct population and 

treatments are delivered as prescribed in the protocol, etc. They are also necessary to check important design 

assumptions, such as the estimated sample variance or control group event incidence rates.  

3. The third reason is an economic concern. Interim analyses can find and remedy problems for trials before too many 

patients are exposed and/or too many resources are expended. In the pharmaceutical industry, interim analyses can 

provide information so that management decisions can be made to allocate limited research funds. Statistical interim 

analysis is collectively the repeated statistical analyses on accumulating data. The fundamental problem for interim 

analysis is how to incorporate a multiplicity of analyses. Armitage et al (1969) pointed out that without adjustment, a 

true hypothesis will always be rejected if sampling continues long enough. As mentioned by Jennison & Turnbull 

(1990), this phenomenon can also be called the “multiple looks problem,” the “optional sampling bias” and “the over-

interpretation of interim results.” 

Basic statistical definitions and concept explanation: We are using the few terms in this paper like One Stage Design, Two 

Stage Design, Futility, Conditional Power and Predictive Power. These terms are describing with their standard definition 

and meaning in below:  

Conditional Power:  The probability that the final study result will be statistically significant, given the data observed thus 

far and a specific assumption about the future data. 

Predictive Power: The probability of achieving a successful (significant) result at a future analysis, given the current 

interim data. Obtained by integrating the data likelihood over the posterior distribution (i.e. we integrate over future 

possible responses) and predicting the future outcome of the trial. Efficacy rules can be based either on Bayesian posterior 

distributions (fully Bayesian) or frequentist p-values (mixed Bayesian-frequentist).  

Stopping clinical trials early for futility: A few recent, large, well-publicized trials in critical care medicine have been 

stopped for futility. In the critical care setting, stopping for futility means that independent review committees have elected 

to stop the trial early – based on predetermined rules – since the likelihood of finding a treatment effect is low. For 

bedside clinicians, the idea of   futility in a clinical trial can be confusing. In the present article, we described the statistical 

theory - how to stop the trial early based on conditional power. Introduction to statistical concept on one and two stage 

design in single arm study:  

Introduction to Conditional Power: Lan et al (1982) proposed their method to stop early in favour of the null 

hypothesis, effectively declaring the study futile. They calculated the conditional probability (called conditional power) to 

reject the null hypothesis at the end of the trial given the observed data and a specific assumption about the future data. 

Once this probability is below some prespecified threshold 1- γ, the trial can be stopped early due to futility. The γ is called 

the futility index. This interim monitoring approach is also called the conditional power approach, which is achieved in a 

manner closely related to the group sequential testing methods. In practice, γ is often by convention set as 0.8 or higher 

because the usual power requirement is 0.8 or higher. 

 

The conditional power approach (Lan et al, 1982, Haperin et al, 1982, Lan et al,1988) is a conditional probability approach 

that is based on the idea of predicting the distribution of the outcome at the final stage of the trial given the data already 

obtained in the trial; if this prediction is unlikely to be positive then the trial will be terminated. The conditional power is 

the conditional probability of rejecting the null hypothesis based on the observed data and an assumption regarding the 

future data. If the conditional power is lower than the prespecified threshold 1-γ, then the trial will be stopped. The γ is 

called the futility index. The most commonly used assumptions include the distribution based on the null hypothesis, the 

alternative hypothesis and the currently observe data. One of the problems with the conditional power approach is the 

reduction of Type I and II errors. Another difficulty of the conditional power approach is that it is not always clear what 

assumption should be made about the future data. Spiegelhalter et al (1986) proposed a predictive probability approach by 

averaging the conditional power function with respect to the posterior distribution of the treatment effect given the 

observed data.  
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The predictive probability approach is a fully Bayesian method to assess futility (Geisser and Johnson, 1994). A posterior 

probability is calculated based on the interim data and the prior distribution of the parameter for the treatment effect; if 

this probability is less than 1-γ then the trial is stopped. 

Objective: Objective of this paper is to explain the conditional power (CP) through a case study which is a single arm, two 

stages, and oncology phase –II with the sample size of 63 patients. As conditional power is a frequentist approach and it is 

based on several functions like - Z-statistic, Kaplan Meier (KM) survival probability and presumed survival probability of 

study treatment.  

Methodology: This paper described the algorithm of conditional power by a case study. This case study is based on 

oncology patients with single arm treatment group in two stages with total sample size of 63 patients. In first stage, we 

selected 23 patients. And later 40 subjects will enrol on basis on first stage data. The conditional power is calculated from 

interim data as per below method:  

We find the estimated 17 patients out of total 63 patients in the study who will survive 12 months under the null 

hypothesis as probability of surviving = 0.2 The calculation is based on Z statistic, alpha = 0.1 (one sided test) and beta = 

0.10  

Let X ~ Binomial distribution with n= 63 and p =0.2 

[X-np / sqrt (npq) ] > 1.2815; (n=63, p=0.2) 

Or X = 16.67 ↔ X ~ 17 

At the interim stage, X1 ~ B (26, p1); from the observed data, the KM estimate of S(t) at  t =365 days the estimated p1 = 

0.469 

Let X2 is number of patient out of 37 patients who will survive 12 months with second stage of study. Since X = 17 

patients and X1 = 6 patients (from interim data). So X2 = 17-6 = 11 

Conditional Power are calculated as = P(X2 ≥ 11 / n2 = 37, p2) 

From the protocol and Pepe & Anderson suggest calculating estimated (p2) as below 

Estimated p2 = Est. (p1) + SE (p1) = 0.469 + 0.098 = 0.567 

Conditional Power = P(X2 ≥ 11 / n2 = 37, 0.567) 

P (Z ≥ -3.3.18) ≥    99% 

The conditional power is 99%. 

Final Decision: Study should continue for second stage because we are getting 99% conditional power. 

Discussion: Conditional power is one way to quantify this evidence. If probability is lower than a specified threshold, 

then trial should be stopped. Conditional power is an approach that quantifies the probability of rejecting the null 

hypothesis of no effect once some data are available. If this quantity is very small, a conclusion can be reached that it 

would be futile to continue the investigation. We need to estimate probability of having meaningful results given observed 

data and (design) assumptions. While CP is a useful construct, the properties of futility monitoring depend on the bounds 

on the interim statistics. We have also others approach to monitor and evaluate the first stage study data like futility 

assessment and monitoring for effectiveness. Some approaches and followed study design described as below:  

One Stage Design:  As we know, one-stage design a pre-specified number of patients are enrolled and the hypothesis is 

tested only once, namely at the end of the trial. To investigate the efficacy of the new drug, we will derive a formula for the 

sample size of this single-stage design. This formula depends on the test chosen; based on Normal approximation methods 

use the number of successes X as a starting point to derive the sample size. This one-stage procedure is based on the 

statistic p̂  =X/N, where N is the sample size and X has a binomial distribution with parameters (N, p). Additionally, we 

assume that for sufficiently large N, p̂ approximately follows a normal distribution with parameters (p, p (1-p)/N)  and        
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will have approximately a normal distribution, with zero mean and unit variance. The single-stage procedure will then 

reject H0 when Z>Zα; or equivalently when:  X>Np0+Zα √{N p0 (1- p0)}.  
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It is straightforward to show that the sample size for this design with significance level α and power 1-β on HA is 
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Example 1: Suppose we want to investigate a treatment for a certain disease and that 20% would be an interesting 

response rate. On the other hand, if the response was only 10%, the treatment would not be worth further investigation. 

For α= 0.05 (one-sided), β= 0.20, H0: p= 0.10, and HA: p= 0.20 we find that the number of patients N equals 79. 

Two Stage Design: To reduce the number of patients, in case of early evidence of (in) efficacy, an interim analysis is 

performed. Three distinctive designs are reviewed: two frequentist designs and one Bayesian design, and common features 

of these designs are given below. Throughout, let n1, n2 be the number of patients in the first and second stages 

respectively, and x1, x2 the number of responses. 

After the first stage, when n1 patients are treated we will: 

 Accept’ H0 if  x1  a1 

 Reject    H0 if   x1   r1 

 continue if   a1< x1< r1  

 

In the final analysis, when n1+n2 patients are treated we will: 

 ‘Accept’ H0 if  x1+x2  a2 

 Reject  H0 if  x1+x2 r2  with r2= a2+1 

 

Note that in the final analysis a decision must be taken, i.e. there is no grey area where the number of responses could lay 

at the end of the trial. The acceptance and rejection probabilities after the first stage are: 

Prob (accept H0|p) = P (x1  a1) = B (a1 , p, n 1 )                                                         (1) 

Prob (reject H0|p) = P (x1   r1) = 1- B (r 1 -1, p, n 1 )                                                   (2) 

Hence, in these designs, the probability of early termination (PET) after the first stage is: 

PET (p) = P (x1  a1) + P (x1   r1) = B (a 1 , p, n 1 ) + (1- B (r1 -1, p, n 1 ))                  (3) 

Furthermore, the expected sample size or the average sample number (ASN) is: 

ASN (p) = n1 + (1-PET (p)) n2                                                                                      (4) 

The overall (i.e. the first and the second stage combined) acceptance and rejection probabilities are: 

Prob (accept H0|p) = P (x1  a1) + P (x1+x2  a2; a1< x1< r1) 

                               = B (a 1 , p, n 1 ) +
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Prob (reject H0|p) = P (x1   r1) + P (x1+x2 r2; a1< x1< r1) 

                              = (1- B (r 1 -1, p, n 1 )) + 
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Frequentist designs- Fleming (1982): In 1973 Schultz et al defined a general multiple testing procedure, which of course 

includes a two-stage testing, and derived a general formulas for the average sample size and the probability of rejecting H0. 

The two-stage design that is proposed by Fleming has the objective to continue the work of Schultz et al by giving a 

method to derive the appropriate acceptance and rejections points.  

This method can be described by the following steps: 

i. Specify p0, p1 and α, and derive the sample size Nnorm  

ii. Then we let N range from 3/4 ormN
 to 5/4 ormN

  

iii. Choose equal sample size at each size, i.e.  n1 ≈ n2 (as was done in table 2 in the corresponding article).  
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iv. For each value of N, derive the average sample number and the probability of rejecting H0 (see section 2.2.1 for the 

exact formulas). 

The next step is to determine the appropriate acceptance and rejection points (a1, r1, a2, r2). Armitage, McPherson and 

Rowe (1969) have shown that the true significance level of a two-stage testing procedure can be considerably greater than 

the nominal significance level if one employs the single-stage test procedure at each test g=1, 2. This would be the case if 

the test reject, H0 whenever Yg (p)>Zα where 
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Here p=(p0+p1)/2. To correct for the fact that xi has a discrete binomial distribution; we would set the rejection points 

by  
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Where [   ]* is the Round function (return the nearest integer). 

Now, to obtain a two-stage procedure that has the same nominal size at each stage, O’Brien and Fleming (1979) proposed 

the following procedure: 

 At test g, one would reject H0 whenever
     ZpYNnn gg 
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 The rejection of HA at test g<k would occur whenever
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The corresponding acceptance and rejection points are then given in the following manner: 
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Frequentist designs- Simon (1989) 

The two-stage design developed by Simon (1989) is slightly different from the general idea we presented in the above 

section. In this design we will stop early, only because of lack of effect and not because of overwhelming effect. Hence, 

after the first stage we can only: ‘Accept’ H0, whereas early rejection of H0 is not possible in this design. Simon searches 

for the optimal design by choosing the two-stage design that satisfies the probability constraints and either minimizes the 

expected sample size ASN, or minimizes the maximum number of patients. 

This is done by enumeration using the exact binomial probabilities 

 Specify p0, p1, α, β   

 For each value of the total sample size N and each value of n 1  in the range (1, N-1) determine the values a 1 , a2 that 

satisfy the two constrains and minimize the ASN. 
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 These values are found by searching over the range of a 1  (0, n 1 ); for each a1 , we determine the maximum value of a2 

that satisfy the type II error constraints.  

 Then examine the parameters a1 , a2, n 1  and N to see if they satisfy the type I error constraint. If they do, then we 

compared the ASN until the minimum of N is achieved. 

For practical purposes, it is sufficient to let N range from normN
 (the formula is given in the first chapter) to 5/4 normN

. 

This enumeration procedure searches upwards from this minimum value of N until the optimal design is found. 

Pocock "constant" boundaries: 

 sets constant p-value boundary to use at every monitoring point 

 Earlier rejection is easier, but final test is stringent 

O'Brien-Fleming boundaries: 

 makes rejection harder at earlier points and easier as trial progresses 

Fleming-Harrington-O'Brien boundaries: 

 middle-ground between above strategies 

Bayesian design - Herson (1979): The designs of Simon (1989) and Fleming (1982) discussed in section 2.2.2 were 

frequentist designs. All characteristics of the designs such as the rejection probability and the average sample size, were 

derived assuming a fixed value for the response probability p. Obvious choices were p=p0 (the response level under the 

null hypothesis) and p>p1 (the response level under the alternative).An alternative design is the so-called Bayesian 

design. In this design the response probability p is no longer fixed but assumed to follow a certain probability 

distribution (the prior). For binomial outcomes, the Beta distribution is usually chosen which includes the 

Uniform distribution as a special case. 

Herson (1979) proposed a Bayesian approach of a two-stage design. Unfortunately, his hypotheses are the reverse of those 

of Simon (1989) and Fleming (1982), i.e.: 

0:0  H
, 0  is an interesting level. 

0:  HA
, i.e. the response level is uninteresting. 

The general idea for such a design can be summarized by the following steps (we will keep to Herson’s notation): 

 First, for a given α, β, 0 and 1  determine the sample size N and the rejection region C using the exact binomial 

probabilities (see the first section). 

 Then at the interim analysis, compute the predictive probability (PP) to reject H0 at the end of the study given the 

interim results 

 Reject H0 (early) if the PP is larger than a certain threshold P0.   

 

Predictive probability: A suitable sample size for N can be based on a one-stage design and on the test that rejects H0 in 

favor of HA whenever ≤ C responses are observed. Then at any point during the study, say when n1<N patients are 

observed with x1≤ C responses, it is appropriate to calculate the probability that the number of responses in N patients 

x1+x2 ≤ C. This probability is called the predictive probability (PP). A high PP would indicate that it is very likely that H0 

will be rejected at the end of the trial and, hence, early termination might be advisable and a low PP value would give a 

little justification of early termination.  

Let )(f be the prior probability density function (PDF), then 

P[X responses in N patients| x1 responses in first n1, )(f ] = P [(X, N)|(x1, n1), )(f ] 

       

         

    




1

0

11

1

0

1111

|,

,,|,|,





dfnxP

dfnxNXPnxP

                                                (1) 

The conditional probabilities are computed with reference to the binomial distribution. 
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For )(f  we take the Beta distribution with parameters r and s, that is: 
11 )1()(   srLf  ,  L is a normalizing constant. 

However, Herson uses a different parameterization with a=r-1 and b-a=s-1. Then the density function is equal 

to
abaLf  )1()(  . 

It can now be shown that the formula in (1) is equal to: 

       P [(X, N)|(x1, n1), (a, b)] =        
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   P[X< C in N patients|(x1, n1), (a, b)] =



C

xX 1  P [(X, N) |(x1, n1), (a, b)]       (2) 

The predictive probability (PP) in (2) will form the basis of early termination rules to be developed. 

Quantification of prior beliefs:  Quantification of beliefs about   entails specification of the parameters a, b, in the Beta 

distribution. Herson (1979) presented the following approach. The investigator specifies his prior beliefs of the mean   

of the prior distribution for   and an expression of the degree of confidence in   via the coefficient of variation C.V 

( ). The last is equal to the variation divided by the average. 

A low value of C.V. would indicate that the investigator has a high confidence that  = , whereas a high C.V. indicates 

low confidence. 

 For the Beta distribution we find the following equations: 

 = (a+1)/ (b+2), V2 = (b-a+1)/ (a+1) (b+3), a= (b+2) -1   and   b= [1-  22 /)31( VV ]. 

With C.V. ( ) = V.100%. 

Selecting an early termination plan: The process of selecting a PP early termination plan may be described by the 

following steps: 

 Derive N and select n1 and n2. 

 Then for a specified   and C.V ( ), derive the parameters a, b of the Beta distribution. 

 Compute the PP 

 For a given P0 derive a1 by searching over the range of x1 (0, C); for each x1 we determine the PP value given in (2) 

and we take a1 equal to the maximum value of x1 that satisfies  PP>P0. 

If the PP is higher than P0, the study is terminated and the drug is abandoned, otherwise the trial is continued. 

In this case, after the first stage when n1 patients are treated we will: 

1. reject  H0 when x1<= a1 

 

In the final analysis we will: 

2. reject H0 when x1+x2 <=C.  

 

CONCLUSION 
 

The motivation underlying conditional and predictive power is to forecast the outcome of a given test, of a statistical 

hypothesis from the data. Since the outcome is binary (i.e. whether to reject H0 or not), the forecast can be presented as 

the probability of rejecting H0 at the end of the study given. However, this probability has to be evaluated under some 

probability measure. Further reading about the theory of these methods can be found in Jennison and Turnbull (2000), 

Chow and Chang (2007), Chang (2008), Proschan et.al (2006), and Dmitrienko et.al (2005).  
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A conditional power (CP) from stage –I data is playing a very vital role to assess the decision for continuation of study in 

next stage i.e. stage –II. Apart from conditional power (CP), the clinical investigator decision on safety issues and their 

statistical proof provide the essential evidence to decide that whether study need to continue or it will stop. As per this 

case study, we found confident result, the computed conditional power is more than 80% which give a confidence for 

continuation of study in next stage. 

 

APPENDIX:   
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Figure 1:  Overall Survival Plot of Stage – 1 data. 
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