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Optimal α 2.0: A new approach to interpreting p-

values in clinical trials 

 

Abstract: Null hypothesis significance testing (NHST) is widely used in clinical trials despite 

widespread understanding of the weaknesses associated with NHST including that (1) p-values 

provide little information about effect sizes and (2) traditional rejection thresholds are 

arbitrary. Optimal α 1.0, introduced in 2012, was an improved approach to approach to setting 

rejection thresholds because it had an explicit and defensible rationale, minimizing the 

probability of making Type I and II errors. However, it still used observed p-values to make 

binary decisions (reject or fail to reject the null) and it required the arbitrary selection of 

‘critical’ effect sizes. Here we describe an extension of optimal α 1.0, optimal α 2.0, that 

mitigates many of the weaknesses associated with optimal α 1.0. Optimal α 2.0 uses observed 

p-values to estimate the maximum effect size for which the data provide evidence and the 

range of effect sizes against which the data provide evidence. Using optimal α 2.0, p-values are 

no longer used to reject or fail to reject the null but are used instead to make inferences about 

the range of effects sizes for which there is evidence. Here, I show that relationship between 

observed p-values and the hazard ratios for which the data provide evidence, for log-rank 

analyses of simulated clinical trials data. I also apply optimal α 2.0 to three clinical trials that 

used a traditional NHST approach and demonstrate how the results obtained using optimal α 

2.0, allow more nuanced and useful interpretation than the traditional NHST interpretation. 

Keywords: Null hypothesis significance testing, Type I errors, Type II errors, log-rank tests, 
hazard ratios, effect size 
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INTRODUCTION 

Historically, null hypothesis significance 

testing (NHST) including associated null 

rejection thresholds – usually 0.05 although 

occasionally shifted lower or higher for 

relatively arbitrary reasons – have played an 

important role in interpreting cancer clinical 

trials results 1,2. However, cancer clinicians 

and researchers have discouraged over-

reliance on p-values and encouraged 

increased emphasis on effect sizes and 

power analyses to assist in the 

interpretation  and design of clinical trials 
3,4.  

This concern about NHST and an 

overreliance on p-values in data 

interpretation extends far beyond medical 

research 5,6 and has led to a recent 

recommendation by the American 

Statistical Association 7 to stop using p-

values  as a tool for accepting or rejecting 

the null.  

Most criticisms of NHST rest on three 

fundamental properties – (1) that effect size 

is not an explicit consideration so that 

meaningful effects can be overlooked at 

small sample sizes and trivial effects can be 

determined to be statistically significant at  

large sample sizes, (2) that Type II errors are 

not considered and  (3) that p-values don’t 

provide what researchers want - error 

probability statistics (i.e. estimates of the 

probability of making a mistake when the 

null is rejected or not) 8,9,10.  

To combat problems with p-values, medical 

biostatisticians and clinical trials  

 

researchers have proposed alternative 

analytical approaches such as Bayesian 

statistics 11 and alternative inferential 

approaches such as likelihood ratios 12, 

confidence intervals 13 or Akaike’s 

Information Criteria 14.  However, p-values 

are still widely used in cancer clinical trials 

to make inferences from data 10. 

Mudge et al. 15 introduced a new approach 

to setting rejection thresholds, optimal α 

(1.0), which resolves or mitigates many of 

the problems associated with traditional 

NHST.  For a given statistical test, sample 

size and critical effect size, optimal α 1.0 

allows researchers to identify the rejection 

threshold that will minimize the probability 

of making a mistake when rejecting or 

failing to reject the null hypothesis. 

Because, for a given statistical test, sample 

size and critical effect size, there is a 

mathematical relationship between α and β 

(i.e. the probability of Type I and II errors, 

respectively) it is possible to identify α so as 

to minimise the probability of α + β (see 

Methods for technical details). However, 

optimal α 1.0 requires researchers to 

identify a critical effect size (or a range of 

critical effect sizes) and there is rarely 

consensus about the effect sizes that are 

clinically meaningful. The original 

recommendation was to identify three 

effect sizes, (1) the smallest effect size 

anybody would likely care about, (2) the 

effect size so large it would be considered 

clinically meaningful by most people and (3) 

a value intermediate between (1) and (2). 
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This is a simple way to implement optimal α 

1.0, but the arbitrary nature of threshold 

selection and the binary interpretation of 

results (i.e. reject or fail to reject the null 

hypothesis) isn’t desirable. 

I have developed an extension of the earlier 

optimal α (optimal α 2.0) that doesn’t pre-

select arbitrary rejection thresholds and 

allows a non-binary interpretation of p-

values. Optimal α 2.0 is used to estimate 

the maximum effect size for which the data 

provide evidence and the effect sizes for 

which the data provide evidence against, by 

identifying the effect size for which the 

observed p-value is the optimal α. Thus, 

rather than selecting an effect size, 

identifying the rejection threshold that 

would minimize the probability of making 

an error and comparing the observed p-

value with the rejection threshold and 

choosing to reject or fail to reject the null, I 

identify the effect size (I will call this the 

‘optimal α effect size’) for which the 

observed p-value is the rejection threshold 

that would minimize the probability of 

making an error (i.e. optimal α). This would 

imply that there is more evidence for any 

effect size up to the ‘optimal α effect size’ 

than for the null but more evidence for the 

null than any effect size larger than the  

‘optimal α effect size’. Further, the 

observed p-value is an index of the relative 

strength of the evidence for these 

conclusions. This is because optimal α (and 

the associated optimal β) are estimates of 

the conditional probabilities of making 

either a Type I error when rejecting the null 

or a Type II error when failing to reject a 

null. When those probabilities are very 

small it implies there is a very small 

probability of making an error about our 

effect size conclusions and therefore the 

evidence is strong. By contrast a large p-

value implies weak evidence for the 

conclusions because the error probabilities 

are high. 

Clinical Trial Example 

Clinical trial:  A comparison of the 5-year 

survival rates when patients are treated 

with a combination of drugs (Drug A + Drug 

B) versus only receiving Drug A. The trial 

concludes with 586 participants, split evenly 

between the control and treatment arms 

and we observe a p-value of 0.075 using a 

log-rank test. The traditional NHST 

approach with a rejection threshold of p < 

0.05 would fail to reject the null and 

conclude we had no evidence that the 

combination of drugs was more effective 

than Drug A alone. Using optimal α 1.0 we 

set small, medium, and large ‘critical’ effect 

sizes, at 1.3, 1.65 and 2 respectively. The 

‘optimal alpha’ rejection thresholds for 

these three effect sizes were OAsmall= 

0.07109; OAmedium = 0.00168; OAlarge = 

0.00002. I would fail to reject the null and 

conclude there is no evidence of an effect 

for any of the three effect sizes. But I might 

include a statement describing the p-value 

as ‘near-significant’ for a small effect size.  

Using optimal α 2.0, I estimate the critical 

effect size for which an observed p-value of 

0.075 would be the optimal α. In this case, 

it is a hazard ratio of 1.32. I conclude that 

these data provide evidence of a hazard 
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ratio greater than 0 but less than or equal 

to 1.32 and evidence against a hazard ratio 

larger than 1.29. We would consider the 

evidence to be moderate because there is a 

7.5% chance of observing data as or more 

extreme than the observed data if the data 

came from a population where there is no 

difference in 5-year survival rates between 

the treatment and control regimes (i.e. 

optimal α = 0.075) and there is a 9.1% 

probability of observing data less extreme 

than these data if the effect size was 

greater than 1.32.  Note that the 

conclusions about effect size are 

asymmetric. That is, optimal α 2.0 provides 

evidence that the true effect size is NOT 

larger than the optimal α effect size, but it 

doesn’t provide evidence of what the true 

effect size IS – rather it provides evidence of 

an effect size greater than zero but less 

than or equal to the optimal α effect size. 

So, the true effect size could be as large as 

the optimal α effect size but in most cases it 

will be smaller. This is because the optimal 

α effect size is at the outer edge of the 

distribution of effects sizes that are more 

probable than the null given the data, so 

there are many effects sizes that are more 

probable than the optimal α effect size, but 

the optimal α effect size is more probable 

than the null. By contrast, the null is more 

probable than any effect size larger than 

the optimal α effect size.  

Thus, optimal α 2.0 addresses one of the 

key concerns associated with using p-values 

– that effect sizes are ignored in an NHST 

context or, if effect sizes addressed, it is in 

an ad hoc and inconsistent fashion.   

Optimal α 2.0 provides a rigorous and 

quantitative integration of p-values and 

estimated effect sizes. The objectives of this 

paper are to (1) describe the 

methodological extension to optimal alpha, 

(2) run simulations describing the 

distribution of optimal α effect sizes over 

different experimental designs and p-values 

and (3) apply the extended optimal α 

technique to three published studies that 

used the traditional NHST approach.  
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METHODS 

Optimal alpha 1.0 

For any statistical test, β (i.e. the probability of 

Type II error) is a function of (i) sample size 

(total or by group), (ii) critical effect size, (iii) 

variability, and (iv) α (i.e. the rejection 

threshold). Thus, for a given test, sample size, 

critical effect size and variability there will be a 

unique value of β for each value of α and a  

 

 

 

 

deterministic non-linear relationship between α 

and β (Figure 1). This implies that there is also a 

deterministic non-linear relationship between α 

and α+β and therefore, a single α value that 

minimizes α+β (Figure 2).  If the objective of 

setting a rejection threshold is to make the 

fewest errors possible when rejecting or failing 

to reject the null, then the α that minimises the 

combined probability of making either Type I or 

II errors (I.e. α+β) is the “optimal α”. 

 

 

 

Figure 1:  Relationship between α and β for a log-rank test with 500 subjects split evenly between 

control and treatment groups and a ‘critical’ hazard ratio of 1.3. 
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Figure 2: Relationship between α and α +β for a log-rank test with 500 subjects split evenly between 

control and treatment groups and a ‘critical’ hazard ratio of 1.3. 

 

Optimal alpha and prior probabilities 

To estimate the probability of making Type I or 

II errors using p-values, it is necessary to 

establish prior probabilities of the null and 

alternate hypotheses (P0 and PA, respectively). 

These can easily be incorporated into optimal α 

estimations by minimizing [(α * P0) + (β * PA)] 

rather than α+β. However, we propose that 

when there is no information about the prior 

probability of the null and alternate 

hypotheses, minimising α+β is still a rational 

approach for setting the rejection threshold 

because it implies the assumption that the 

probabilities of the null and alternate 

hypotheses are equal 16,17. In this paper, I make 

no a priori assumptions about  prior 

probabilities of H0 or HA and my objective will 

be to minimize α+β. 

 

Optimal alpha and critical effect sizes 

The rejection threshold that will minimize the 

probability of making an inferential error (i.e. 

optimal α) varies with the statistical test, 

sample size and the critical effect size. I define 

critical effect size as ‘the smallest effect that 

would be considered biologically significant’. 

Thus, any effect size larger than the critical 

effect size must, by definition, also be 

biologically significant and any effect size 

smaller than the critical effect size is equivalent 

to the absence of an effect. To estimate the 

optimal rejection threshold using optimal α 1.0, 

a single critical effect size or a set of critical 

effect sizes must be chosen because the 

relationship between α and α+β varies with the 

chosen critical effect size. Thus, for a single 

‘critical’ effect size, the subjective opinion of 

the researchers about what constitutes a critical 
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effect size, will have a large effect on the 

inferences they make. To mitigate this 

subjectivity, we proposed setting three 

different critical effect sizes 15 covering the 

plausible range of critical effect sizes, resulting 

in three different rejection thresholds and a 

separate inference for each of the three effect 

sizes. However, there is a still a great deal of 

potential subjectivity in defining the ‘plausible’ 

range of critical effect sizes. Further, it doesn’t 

allow any inferences to be made for effect sizes 

that lie in the intervals between each of the 

three chosen critical effect sizes. 

Description of extended optimal alpha 

Optimal α 2.0 incorporates the concept that it is 

possible to characterize the distribution of 

optimal α’s across a very wide range of critical 

effect sizes, rather than estimating optimal α 

for only three critical effect sizes (Figure 3). 

Given the distribution of optimal α’s across a 

wide range of critical effects sizes, the critical 

effect size for which the observed p-value 

would be optimal α can be identified (Figure 4). 

This link between the observed p-value and a 

critical effect size allows for inferences about 

(1) the range of critical effects for which there is 

more evidence than there is for an effect size 

equal to zero and (2) the range of effect sizes 

for which there is less evidence than there is for 

an effect size equal to zero.  

Worked example 

To apply optimal α 2.0, one requires four pieces 

of information – (1) the type of statistical test 

used, (2) the total number of subjects in the 

clinical trial, (3) the proportion of subjects in the 

control group and (4) the observed p-value. For 

the example provided in the introduction, these 

are (1) log rank test, (2) 500 subjects, (3) 0.5 

and (4) 0.075. I can estimate optimal α for 

multiple critical effects sizes. I can extend the 

concept of estimating optimal α for multiple 

critical effect sizes to estimate the distribution 

of optimal α across the complete range of 

plausible critical effect sizes (Figure 4). Lastly, I 

find the effect size associated with the observed 

p-value (Figure 5).  
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Figure 3: Relationship between α and α +β for a log-rank test with 500 subjects split evenly between 

control and treatment groups and ‘critical’ hazard ratios of 1.3 (red), 1.35 (green) and 1.4 (blue). 

 

Figure 4: Relationship between the maximum hazard ratio for which there is evidence and the observed 

p-value for a log-rank test with 500 subjects split evenly between control and treatment groups. 
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Figure 5: Relationship between the maximum hazard ratio for which there is evidence and the observed 

p-value for a log-rank test with 500 subjects split evenly between control and treatment groups and an 

observed p-value of 0.075. 

 

Description of simulations 

I simulated clinical trials that varied in number 

of subjects and the proportion in the control 

group and examined the relationship between 

observed p-value and critical effect size. In the 

first set of simulation, I set the control 

proportion = 0.5 and used sample sizes of 100, 

200, 300, 400, 800, 1200, 1500, 2000 and 2500. 

For the second set of simulations, I set the 

samples sizes at 100, 500 and 1000 and for each 

sample size used control proportions of 0.1, 0.3 

and 0.5. Note that the effect of control 

proportion on the relationship between 

observed p-value and critical effect size is 

symmetrical so that the relationships for control 

proportions of 0.1, 0.3 and 0.5 are the same as 

for control proportions of 0.9, 0.7 and 0.5, 

respectively. 

Selection of published studies for case study 

examples 

We have recently completed a retrospective 

analysis of ~ 1000 cancer clinical trials 

completed between 1993 and 2018, applying 

optimal α 1.0 to each of ~ 2000 statistical tests 

to estimate how often using optimal α 1.0 

instead of traditional NHST thresholds would 

have resulted in a different inference. I chose 

tests from three separate clinical trials from our 

database. The only criteria were that (1) the 

researchers used a log rank test, (2) that the 

test(s) should address the primary question of 

the clinical trial, (3) that there was some 

variation in the proportion if subjects in the 

control treatment and (4) that we assessed a 

range of observed p-values from very small to 

greater than 0.05. The case studies I chose 

were: Case 1- three tests from Sandra-Petrescu 
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et al. 18; Case 2 – four tests from de Boer et al 19; 

Case 3 – four tests from Reck et al. 20. See the 

results section for a more detailed description 

of the case study clinical trials. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

RESULTS 

Simulation results   

The relationship between observed p-value and 

the largest effect size for which there is 

evidence is negative, monotonic, non-linear, 

and similar across simulated trials of different 

sample sizes (Figures 6 A-C). The slope of the 

relationship is much steeper over p-values less 

than 0.01 than above. For example, p-values of 

0.01, 0.05 and 0.10 in a clinical trial with 100 

subjects split evenly between control and 

treatment groups are evidence for a hazard 

ratio as large as 2.65, 2.02 and 1.75, 

respectively. The shape of the relationship 

between p-values and largest effect size for 

which there is evidence is essentially identical 

across all sample sizes but the largest effect size 

for which there is evidence is smaller for the 

same p-value as sample size increases (Figures 6 

A-C). For an observed p-value of 0.01 in clinical 

trials with 100, 1000 and 2000 subjects split 

evenly between control and treatment, the 

largest effect size for which there is evidence is 

2.65, 1.36 and 1.24, respectively. The observed 

p-value necessary to demonstrate a hazard 

ration as large as 2.0 in a clinical trial with 1000 

subjects and a control proportion = 0.5 is 

0.00000003. For a clinical trial with 2000 

subjects an observed p-value of 

0.000000000000006 is required to provide 

evidence of a hazard ratio as great as 2.0. For a 

clinical trial with only 200 subjects, an observed 

p-value of 0.01 is evidence of a hazard ratio as 

large as 2.0. 

The effect of proportion of subjects in the 

control group on the relationship between 

observed p-value and the largest effect size for 

which there is evidence is similar across control 

proportions to what we saw across samples 

sizes – that is, the relationship is negative, 
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monotonic, and non-linear and very similar 

across simulated trials of different control 

proportions (Figures 7 A-C).  Again, the slope of 

the relationship is much steeper over small 

observed p-values.   But all else being equal, as 

the relative proportion of subjects in the control 

and treatment arms moves further from an 

equal split, the same observed p-value provides 

evidence of a larger effect size (Figures 7 A-C). 

For example, an observed p-value of 0.01 in 

three clinical trials each with 100 subjects but 

the proportion of subjects in the control arm 

being 0.1, 0.3 and 0.5 is evidence of a hazard 

ratio as large as 5.06, 3.38 and 2.65, 

respectively.  
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Figure 6: Relationship between the observed p-value and the ‘maximum’ hazard ratio for a log-rank test 

with A. 100 subjects, B. 500 subjects and C. 1000 subjects. 
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Figure 7: Relationship between the observed p-value and the ‘maximum’ hazard ratio for a log-rank test 

with subjects split evenly between control and treatment groups - A. 100, 200, 300 subjects, , B. 400, 

800, 1200 subjects and C. 1500, 2000, 2500 subjects. 
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Case studies 

Case 1: Sandra-Petrescu et al. 18 did a post-hoc 

analysis of a clinical trial originally designed to 

compare the relative efficacy of capecitabine 

versus fluorouracil as treatments for rectal 

cancer. The post-hoc analysis examined how 

receiving complete versus incomplete cycles of 

chemotherapy affected overall survival and 

disease-free survival. They concluded that (1) 

overall survival for five years was better for 

subjects who received complete versus 

incomplete cycles (Treatment N = 251, Control 

N = 141; observed p-value < 0.0001), ( 2) in the 

subgroup of subjects that survived at least 6 

months, overall survival was better for subjects 

who received complete versus incomplete 

cycles (Treatment N = 89, Control N = 21; 

observed p-value = 0.0073), and (3) that there 

was improved 5-year disease-free survival in the 

complete cycle group but it was not statistically 

significant (Treatment N = 251, Control N = 141; 

observed p-value = 0.0646).  

Using the extended optimal α approach, we 

would conclude that – 

(1) It is difficult to provide an effect size 

estimate because the authors did not 

provide a precise p-value. For a p-value 

= 0.0001 we would have strong 

evidence of an increased probability of 

overall survival after 5 years in the 

complete cycle group of up to 122% (i.e. 

HR = 2.22) and strong evidence against 

a hazard ratio larger than 2.22. 

However, the observed p-value is less 

than 0.0001 so the precise observed 

value is unknown though it implies 

evidence for a larger effect size, but we 

don’t know how much larger. 

(2) For the subgroup that survived beyond 

6 months, there was evidence of an 

increased probability of overall survival 

after 5 years in the complete cycle 

group of up to 244% (i.e. HR = 3.44). 

There was evidence against an 

improvement of greater than 244%. The 

evidence for these conclusions is strong 

(p=0.0073). 

(3) There was evidence of an increased 

probability of disease-free survival after 

5 years in the complete cycle group of 

up to 41% (i.e. HR = 1.41). There was 

evidence against an improvement of 

greater than 41%. But the evidence for 

these conclusions is moderate 

(p=0.0646). 

Case 2: de Boer et al. 19 led a phase-3 clinical 

trial examining the relative efficacy of 

radiotherapy alone versus a combination of 

radiotherapy and chemotherapy (during and 

after radiotherapy) in treating women with 

high-risk endometrial cancer. They concluded 

that (1) there was improved 5-year overall 

survival in subjects receiving radiotherapy + 

chemotherapy relative to those receiving 

radiotherapy only but the difference was not 

statistically significant (Treatment N = 330, 

Control N = 330; observed p-value = 0.109), (2) 

there was a statistically significant improvement 

in the 5-year failure-free survival for subjects 

receiving chemo-radiotherapy (Treatment N = 

330, Control N = 330; observed p-value = 

0.022), (3) adverse events were  statistically 

significantly more likely to occur in subject 

receiving radiation + chemotherapy than 

radiation alone (Treatment N = 330, Control N = 

330; observed p-value < 0.0001), and (4) 

neuropathy persisted significantly more often in 

subjects receiving radiation and chemotherapy 

than those receiving radiation alone (Treatment 

N = 330, Control N = 330; observed p-value < 

0.0001). 
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Using the extended optimal α approach, we 

would conclude that – 

(1) There was evidence of an increased 

probability of overall survival after 5 

years in the radiotherapy + 

chemotherapy group of up to 21% (i.e. 

HR = 1.21). There was evidence against 

an improvement of greater than 21%. 

But the evidence for these conclusions 

is relatively weak (p=0.109). 

(2) There was evidence of an increased 

probability of failure-free survival in the 

combined group after 5 years of up to 

39% (i.e. HR = 1.39). There was 

evidence against an improvement of 

greater than 39%. The evidence for 

these conclusions is moderate 

(p=0.022). 

(3)  It is difficult to provide an effect size 

estimate for adverse effects or 

neuropathy because the authors did 

not provide a precise p-value. For a p-

value = 0.0001 we would have strong 

evidence of an increased probability of 

81% of adverse events and of 

neuropathy (i.e. HR = 1.81) and strong 

evidence against a hazard ratio for both 

adverse events and neuropathy larger 

than 1.81. However, the observed p-

value is less than 0.0001 so the 

evidence is for a larger effect size for 

both adverse events and neuropathy, 

but we don’t know how much larger. 

Case 3: Reck et al. 20 examined the relative 

efficacy of ramucirumab plus docetaxel versus 

docetaxel plus placebo in the treatment of 

refractory patients with advanced non-small cell 

lung cancer. They concluded that including 

ramucirumab improved overall survival 

(Treatment N = 182, Control N = 178; observed 

p-value = 0.197), progression-free survival 

(Treatment N = 182, Control N = 178; observed 

p-value = 0.022), objective response rate 

(Treatment N = 182, Control N = 178; observed 

p-value = 0.014),  and tumour response 

(Treatment N = 182, Control N = 178; observed 

p-value = 0.049). They did not report p-values 

when stating their conclusions in the abstract 

but did conclude in the discussion that only 

progression-free survival, objective response 

rate and tumour response showed a ‘significant’ 

improvement when ramucirumab was 

combined with docetaxel. 

Using the extended optimal α approach, we 

would conclude that – 

(1) There was evidence of an increased 

probability of overall survival after 5 

years in the ramucirumab + docetaxel 

group of up to 21% (i.e. HR = 1.21). 

There was evidence against an 

improvement of greater than 21%. But 

the evidence for these conclusions is 

very weak (p=0.197). 

(2) There was evidence of an increased 

probability of progression-free survival 

in the combined group after 5 years of 

up to 87% (i.e. HR = 1.87). There was 

evidence against an improvement of 

greater than 87%. The evidence for 

these conclusions is strong (p=0.002). 

(3) There was evidence of an increased 

probability of the objective response 

rate in the combined group after 5 

years increasing by up to 63% (i.e. HR = 

1.63). There was evidence against an 

improvement of greater than 63%. The 

evidence for these conclusions is 

moderate (p=0.014). 

(4) There was evidence of an increased 

probability of the tumour response rate 

in the combined group after 5 years 

increasing by up to 45% (i.e. HR = 1.45). 
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There was evidence against an 

improvement of greater than 45%. The 

evidence for these conclusions is 

moderate (p=0.049).

 

DISCUSSION 

Results summary 

Optimal α 2.0 allows researchers to make inferences explicitly about the effect sizes for which there is 

evidence AND inferences about effect sizes against which there is evidence. 

Small p-values in clinical trials with few subjects is evidence of larger effects than in clinical trials with 

many subjects. Evidence of hazard ratios as large as 2 in clinical trials with large sample sizes (i.e. > 1000) 

requires very low observed p-values. 

Further, the same observed p-value in clinical trials with subjects equally distributed between control 

and treatment groups is evidence for a smaller effect than in clinical trials where subjects are more 

unevenly distributed among treatment and control groups. 

The case studies demonstrate that optimal α 2.0 leads to qualitatively different inferences. In these case 

studies, optimal α 2.0 provided hazard ratio estimates even where the original decision had been to 

accept the null hypothesis of ‘no effect’. The hazard ratio estimates ranged from relatively small (e.g. 

1.21) to estimates that are certainly clinically significant (e.g. 2.22. and 3.44), if real. 

 

Optimal α 2.0 versus traditional use of p-values 

Historically in clinical trials, p-values have been 

embedded in an NHST context 21. That is, they 

have been used to make decisions about 

rejecting or failing to reject the null hypothesis.  

It was recognized quickly that this use of p-

values ignored an essential aspect of any clinical 

trial – the size of the treatment effect 1. There 

have been attempts to incorporate effect size 

estimates when interpreting clinical trials 

results but they have generally been ad hoc – 

either ignoring p-values if effect sizes were 

above or below some pre-defined threshold 22 

or discussing ‘near significant’ results if the 

effect size estimates were above some arbitrary 

threshold and the p-value was within some 

arbitrary distance of the rejection threshold  

 

23,24. Optimal α 2.0 integrates p-values and 

effect sizes, so that inferences explicitly identify 

the range of effect sizes for which there is 

evidence and the range of effect sizes against 

which there is evidence. 

Optimal α 2.0: Interpreting effect size 

estimates  

However, as with traditional use of p-values, 

there is potential for misinterpreting optimal α 

2.0 results. Optimal α 2.0 identifies an effect 

size threshold – that is, the largest effect size 

for which there is more evidence than an effect 

size of zero. Thus, is more likely that the true 

effect size is zero than that it is larger than the 

effect size threshold. However, it does not 

mean that the true effect size is (1) as large as 

the effect size threshold or (2) at least as large 
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as the effect size threshold. In fact, it would be 

reasonable to infer that the true effect size is 

smaller than the effect size threshold because 

the effect size threshold is found at precisely 

the value where the data provide equal support 

for the value at the threshold AND for an effect 

size of zero.  

The greatest potential for misinterpretation is 

to infer that the effect size threshold is the best 

estimate of the true effect size because, the 

effect size threshold will be, in most cases, an 

overestimate of the true effect size. There are a 

variety of approaches to calculating the ‘best’ 

effect size estimate 25. However, 0ptimal α 2.0 

can provide the range of effect sizes for which 

there is more evidence than an effect size of 0 

and the range of effect sizes for which there is 

more evidence of an effect size of 0. 

Optimal α 2.0: Interpreting p-values 

Optimal α 2.0 provides estimates of the Type I 

and II error probabilities (i.e. α and β) at the 

effect size threshold. The observed p-value is 

the Type I error probability if one concludes 

that the effect size is as large as the effect size 

threshold and the β associated with the 

observed p-value and the effect size threshold, 

is the Type II error probability if one concludes 

that the effect size is zero rather than a value as 

large as the effect size threshold. Thus, α and β 

at the effect size threshold, provide estimates 

of one’s confidence in one’s conclusions about 

the effect size, because they provide 

conditional probabilities of making either error. 

If the probability of making Type I and II errors 

is very small, then one has a great deal of 

confidence in conclusions about evidence for an 

effect size up to the effect size threshold but 

against an effect size larger than the effect size 

threshold. By contrast, large values of α and β 

imply less confidence in clinical trial 

conclusions. 

The case study section of the results provides 

explicit examples of how Optimal α 2.0 results 

should be interpreted. 

Optimal α 2.0: Prior probabilities 

Optimal α 2.0 can be integrated into a Bayesian 

framework by incorporating prior probabilities 

of the null and the alternate hypotheses (PrH0 

and PrHA, respectively) 15. If we assume PrH0 = 

PrHA = 0.5 optimal α is identified by minimizing 

α + β. If PrH0 ≠ PrHA, then optimal α is identified 

by minimising (PrH0 * α) + (PrHA  * β). For 

example, if PrH0 =0.3 and   PrHA = 0.7, then 

optimal α is identified by minimizing (0.3α + 

0.7β). Note that all estimates in this paper were 

made assuming PrH0 = PrHA = 0.5. 

However, this simple approach to incorporating 

prior probabilities has at least one conceptual 

problem because when a critical effect size is 

selected, the definition of the null hypothesis 

shifts. That is, when we identify the smallest 

hazard ratio that should be considered 

biologically significant, we shift the definition of 

the null hypothesis from effect size equal to 

zero to any effect size between zero and the 

critical effect size. For example, if we identify 

any hazard ratio less than 1.1 as not biologically 

significant, it implies that a hazard ratio 

between 1 and 1.1 will be treated as if it is a 

hazard ratio of 1 (i.e. effect size equal to zero). 

Thus, the null hypothesis shifts from PrH0 ≤ 1 to 

PrH0 < 1.1. However, α is still being estimated 

based on a null hypothesis PrH0 ≤ 1.  

Optimal α 2.0: Relative costs of Type I and II 

errors 

All estimates in this paper were made assuming 

that the relative costs of Type I and II errors (i.e. 
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$α and $β) were equal. However, it is not 

difficult to imagine contexts where the costs of 

Type I and II errors differ 26. A difference in 

relative costs of Type I and II errors can be 

integrated into optimal α 2.0 by minimizing ($α * 

α) + ($β  * β) rather than α + β.  

 However, how to interpret effect size 

thresholds is not clear when minimizing costs 

rather than probabilities. Incorporating relative 

costs of Type I and II error probabilities using 

optimal α 1.0 wasn’t difficult because it simply 

implied choosing the rejection threshold for a 

particular effect size that would minimize the 

costs rather than the probability of an error. 

Conceptually, this fits very well into a 

framework where p-values are used to make 

binary decisions. However, optimal α 2.0 

extends the use of optimal α beyond binary 

NHST decision-making to explicit inferences 

about effect sizes. Thus, while it is possible 

technically to incorporate different relative 

costs of Type I and II errors into optimal α 2.0, 

it’s not clear that doing so integrates well with 

the objectives of optimal α 2.0.  

However, this issue of relative costs of Type I 

and II errors is an important one for making 

inferences from critical trials 27,28. 

Optimal α 2.0: Outstanding issues 

Estimating optimal α rests on the ability to 

estimate β, that is, on the ability to estimate 

power for any particular test, sample size and 

effect size. However, for complex clinical trial 

designs there is often disagreement about the 

best approach to power analysis 29,30. If 

different methods for estimating power, result 

in different estimates of β they will also result in 

different estimated of effect size thresholds and 

therefore different inferences about the effect 

sizes for which there is evidence and against 

which there is evidence. This implies that a 

different choice of power analysis could lead to 

different conclusions from a clinical trial. 

Further investigation is needed to assess how 

sensitive conclusions are to choice of power 

analysis. 

Further, we have only developed code for a 

limited number of relatively simple statistical 

techniques used in analysing clinical trials (i.e. 

log rank, Cox regression, chi-square, and logistic 

regression). Currently, optimal α 2.0 couldn’t be 

used for more complex techniques. 

Lastly, we need further investigation of how 

best to incorporate prior probabilities and 

relative costs of Type I and II errors into 

estimations of optimal α. 

Optimal α 2.0: Implications for design and 

interpretation of clinical trials 

Optimal α 2.0 provides the foundation for a 

fundamental change in how p-values are used 

in clinical trials. There have been growing calls 

to abandon the use of p-values as a test of 

‘statistical significance’ entirely - in clinical trials 
31 and statistical analyses in general 32. 

However, researchers are understandably 

reluctant to discard a tool that has been 

effective, if flawed. Optimal α 2.0 mitigates 

many of the problems associated with the use 

of p-values (i.e. that p-values are uninformative 

about effect sizes, that rejection thresholds are 

arbitrary and that they disregard Type II error 

probabilities) and would allow health 

researchers to exploit the information 

contained in p-values without the problems 

associated with NHST and p-value use.  

Optimal α 2.0 fundamentally changes how p-

values are interpreted. Currently p-values are 

used to make a binary decision – to conclude 

that there was either ‘no effect’ or ‘some 

effect’. If there is evidence for ‘some effect’ 
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then there is often an ad hoc attempt to discuss 

what the size of that effect might be. Optimal α 

2.0 provides an effect size threshold and any 

conclusion is with respect to a specific and 

effect size. Optimal α 2.0 makes it impossible to 

make inferences from data without explicitly 

stating the effect sizes for which there is 

evidence and the effect sizes against which 

there is evidence. Optimal α 2.0 also allows 

observed p-values to be used to identify how 

strong the evidence for or against particular 

effect sizes are. These are dramatic 

improvements over how researchers currently 

interpret p-values in an NHST context. 

Though researchers have been struggling with 

the concept of ‘clinically significant’ effects, 

there has not been enough emphasis placed on 

the question of ‘What is a clinically significant 

effect size?’. Optimal α 2.0 insists on an answer 

to that question. For example, if there is 

evidence for a hazard ratio as large as 1.1 but 

evidence against a hazard ratio larger than 1.1, 

is this an adequate rationale for approving a 

new drug or changing an established treatment 

protocol?  Effective interpretation of clinical 

trial results will require a deeper understanding 

of clinically significant effects. 

Further, how confident must we be in our 

conclusions?  Must the probabilities of Type I or 

II errors be extremely small (e.g. p < 0.00001) or 

would even 1 chance in ten of making a mistake 

be considered good enough to recommend 

drug approval or treatment protocol changes? 

Optimal α 2.0 explicitly uses observed p-values 

for α and β as indices of ‘strength of evidence’ 

(note: that precise p-values should be 

presented rather than vaguer terms like p < 

0.0001).  Currently, at the scale of individual 

studies, the question of ‘quality of evidence’ is 

either not addressed or addressed in an ad hoc 

fashion. Again, effective interpretation of 

clinical trials will require more explicit 

consideration of the strength of evidence 

contained in the data and how the strength of 

evidence should be incorporated into decision-

making.  

In addition, because optimal α can incorporate 

prior probabilities and relative costs of Type I 

and II errors, I hope that it will stimulate 

increased discussion and research in those two 

areas. Understanding the relative costs of Type I 

and II errors in health research seems 

particularly important given (1) that the stakes 

can be life and death and (2) the enormous 

financial investment most countries make in  

health care. This is a difficult and contentious 

area of research because we are forced the 

address the trade-off between human 

health/lives and financial costs but there is no 

way to make responsible decisions without 

addressing the question of relative costs. 
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