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SOURCES & CONSEQUENCES OF PUBLICATION BIAS

A potential problem for meta-analysis is that the set of 
studies examined may not be representative

- Source 1: Selective reporting based on the size, direction, and statistical significance of 
study results. 

- Source 2: Availability and accessibility of studies, for example due to cost, language, 
familiarity, etc. 

- Consequence: Distorted meta-analytic estimates: 

‣ Estimates of population average effect sizes typically biased upwards. 

‣ Estimates of heterogeneity (between-study variation) typically biased 
downwards. 

- Note: “Publication” is this literature is a technical term with a meaning quite different 
than its ordinary meaning. For all intents and purposes, it means “included in the 
meta-analysis.”



RECENT WORK HAS BROUGHT THESE ISSUES BACK TO THE FORE

There are many techniques that attempt to adjust for 
publication bias in meta-analysis

- The p-curve (Simonsohn, Nelson, and Simmons, 2014) and p-uniform (van Assen, van Aert, and 
Wicherts 2015) attempt to adjust estimates of the population average effect sizes for 
publication bias. 

- McShane, Bockenholt, and Hansen (2016) showed: 

‣ The p-curve and p-uniform are both equivalent to—but inferior implementations of—the 
classic Hedges (1984) selection model. 

‣ They perform reasonably well but not as well as the original Hedges approach in the 
restrictive setting for which all three were designed.  

‣ They perform poorly in more realistic settings, whereas variants of the Hedges approach 
perform well. 

- They also urge caution in the application of publication bias adjustment techniques. 

‣ Such techniques should be used less for obtaining a single estimate that purports to 
adjust for publication bias ex post and more for sensitivity analysis. 



AVERAGE POWER IS CLAIMED TO BE RELEVANT TO REPLICABILITY

Some now suggest a focus on estimating the average 
power of a set of studies

- Simonsohn, Nelson, and Simmons moved away from using the p-curve to adjust estimates of 
the population average effect sizes for publication bias and instead toward using it to estimate 
the average power of a set of studies. 

‣ They described average power as estimating the rate of replicability “if the same studies 
were run again” (Simmons & Simonsohn, 2017). 

- Brunner and Schimmack also propose the z-curve to estimate the average power of a set of 
studies. 

‣ They labeled it a “replicability estimate” (Brunner & Schimmack, 2016; Schimmack & 
Brunner, 2017). 

- These techniques to estimate average power via a meta-analytic approach have been gaining 
traction. 

‣ More broadly, there is great interest in ways of assessing replicability retrospectively via 
prior studies. 



Outline of Talk

- Define average power and clarify its implications for replicability. 

- Discuss how to estimate average power via the meta-analytic approach. 

- Evaluate point and interval estimates of average power. 

- Application: Three published estimates of the average power of the power-posing literature 
(Simmons & Simonsohn, 2017;  Cuddy, Schultz, & Fosse, 2018; Schimmack & Brunner, 2017). 

‣ Our findings explain a curious result: The 95% interval estimates reported by CSF and SB 
are more than three times the width of that reported by SS—despite the fact that the 
meta-analyses conducted by CSF and SB include all 33 studies included in the meta-
analysis of SS as well as 20 additional studies! 

‣ This strongly suggests the interval estimate presented by SS is optimistically narrow if 
taken as a measure of precision.



Average Power and Replicability



What is Average Power?

- Power: 

‣ The probability that the study yields results that are statistically significant in the 
classical frequentist repeated sampling framework.  

‣ the long-run frequency that the study yields results that are statistically 
significant if the study could be repeated infinitely many times such that the only 
difference among the repetitions is the sampling error realized.  

- Average Power (of a Set of Studies): 

‣ The average (i.e., arithmetic mean) of the power of each study in the set.  

‣ Thus, it is the fraction of the prior studies that in expectation yield results that are 
statistically significant in the classical frequentist repeated sampling framework.  

‣ Equivalently, it is the probability that one prior study chosen randomly and 
uniformly from the set yields results that are statistically significant in the classical 
frequentist repeated sampling framework.



ABSOLUTELY NOT!

Does average power portend anything relevant to the 
replicability of actual prospective replication studies?

- Even were direct or exact replication possible in psychological research such that the 
classical frequentist repeated sampling framework might apply, replication studies 
need not use prior choices of sample size.                                                                                 
(e.g., OSC 2015 employed larger sample sizes as compared to prior studies so as to increase power) 

- Direct or exact replication is not possible in psychological research...Instead, effect 
sizes vary from one study of a given phenomenon to the next such that the classical 
frequentist repeated sampling framework does not apply.                                            
(Brandt et al., 2014; Fabrigar & Wegener, 2016; Rosenthal, 1991; Stroebe & Strack, 2014; Tsang & Kwan, 1999) 

- The success or failure of replication need not be defined in terms of statistical 
significance. Alternative definitions involving, for example, the convergence or 
divergence of results across multiple studies of a given phenomenon can be 
employed.                                                                                                                                             
(e.g., OSC 2015 employed five distinct definitions)



MAYBE?

Is average power good for anything?

- As stated, average power is relevant to replicability if and only if replication is defined in terms 
of statistical significance within the classical frequentist repeated sampling framework.  

- As the classical frequentist repeated sampling framework is both purely hypothetical and 
ontologically impossible, it is not relevant to the replicability of actual prospective replication 
studies.  

- It is thus misleading (if not incorrect) to label average power a “replicability estimate” (Brunner 
& Schimmack, 2016; Schimmack & Brunner, 2017) and to describe it as estimating the rate of 
replicability “if the same studies were run again” (Simmons & Simonsohn, 2017) without this 
explicit qualification.  

- If average power it good for anything, it relates to efforts in the history of science to catalogue 
the power of prior studies (Cohen, 1962; Rossi, 1990; Sedlmeier & Gigerenzer, 1989).



Estimating Average Power



Estimating Average Power

- Because the power of any study is never known, the average power of a set of prior 
studies is also never known. Instead, both must be estimated. 

- A natural approach to estimating average power is to estimate the power of each 
study in the set and then to average these estimates. 

- This requires an estimate of the effect size and an estimate of the sampling variance 
of each prior study. 



Estimating Average Power via the Meta-analytic Approach

- Meta-analysis also requires an estimate of the effect size and the sampling variance of each study. 

- It combines these across the studies to produce, among other things, a revised estimate of the effect size of each 
prior study that reflects the entire set of studies.  

‣ When effect sizes are assumed homogeneous, the revised estimates are the same for all studies 

‣ When they are assumed heterogeneous, they differ (e.g., BLUP estimates).  

- In the meta-analytic approach to estimating average power, the revised estimate of the effect size of each prior study 
is used in conjunction with the estimate of the sampling variance of the study to estimate the power of the study. 

‣ Benefit 1: Insofar as the revised estimates of the effect size of each prior study constitute an improvement over 
the original ones, so too should the resulting estimates of the power of each study and of average power. 

‣ Benefit 2: Insofar as heterogeneous effect sizes, study-level moderators, publication bias, and other factors are 
deemed relevant, various meta-analytic techniques that attempt to account for these factors can be employed, 
yielding further improvement.  

‣ Consequence: The meta-analytic approach to estimating average power can be seen as a multistudy analogue 
of the much-derided post hoc approach to estimating single-study power (Hoenig & Heisey, 2001; Yuan & 
Maxwell, 2005). However, it at least has the potential to overcome some of the limitations of the post hoc 
approach—even though both are retrospective in nature. 



Evaluating Estimates of Average Power



Setup

- Point Estimates: 

‣ Scenario 1: The statistically most ideal setting possible, that of the classic one-
parameter so-called fixed effects meta-analytic model. 

‣ Scenario 2: Scenario 1 + 100% Publication Bias (i.e., Hedges, 1984) 

- Interval Estimates 

- Note: We set the size α of the test such that study results are deemed statistically 
significant if they have a one-tailed p-value less than 0.025 (or, equivalently, if they are 
directionally consistent with the true effect size and have a two-tailed p-value less 
than 0.05).



Scenario 1: Motivation

- The most important consideration in point estimation is accuracy so we begin by evaluating this. 

- We begin in the statistically most ideal scenario possible not because we view it as realistic, but 
rather to establish a bound on the level of accuracy that one can expect to obtain. 

‣ Specifically, because ideal scenarios yield optimistic assessments of accuracy, point estimates 
will be less accurate in more realistic scenarios. 

‣ Consequently, if accurate point estimates cannot be obtained in this scenario, they cannot be 
obtained in more realistic scenarios and thus in application.  

- Given a statistical model for the observed data and an estimator of some quantity based on the 
observed data, the accuracy of point estimates of the quantity can be assessed via the sampling 
distribution of the estimates obtained from the estimator (i.e., the distribution of the estimates 
across repeated samples of the observed data). 

‣ If this distribution is both narrow and centered near the true value of the quantity regardless of 
the true value, one will tend to obtain accurate point estimates. 

‣ If it is wide or centered far away from the true value of the quantity, one will tend to obtain 
inaccurate point estimates.



Scenario 1: Design

- Suppose  

‣ that one is interested in estimating the average power of a set of independent 
studies  

‣ that all follow a two condition between-subjects design 

‣ that the effect size of interest is the difference between the means of the two 
conditions 

‣ that this difference is common across studies 

‣ that the individual-level observations are normally distributed with these respective 
means and known variance (which we assume without loss of generality is equal to 
1 such that the effect size is on the standardized Cohen’s d scale),  

‣ and that the sample size per condition is equal within each study and across studies  

- Further, suppose that one estimates the meta-analytic model using the maximum 
likelihood estimator for the correctly specified statistical model for the observed data. 



Scenario 1: Sampling Distribution

- True average power: 

- Sampling distribution of average power: 

- δ = (standardized) effect size          n = sample size per condition per study                      
z1-α = 1.960                                            k = the number of studies                                                 
Φ = the cumulative distribution function of the standard normal distribution                
φ = the probability density function of the standard normal distribution 

-

ESTIMATING RETROSPECTIVE AVERAGE POWER 10

To make this concrete in the context of RAP, suppose a researcher is interested in

estimating the RAP of a set of k independent studies that each follows a two condition

between-subjects design, that the e�ect size of interest ” is the di�erence between the

means of the two conditions, and that the individual-level observations are normally

distributed with common and known variance, which we assume without loss of generality

is equal to one such that ” is on the standardized Cohen’s d scale. Further, suppose the

sample size per condition in each study is equal to n. Given this, the true power for each
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where � denotes the cumulative distribution function of the standard normal distribution

and z1≠– denotes the 1 ≠ – quantile of the standard normal distribution.

Now, further suppose the researcher estimates the meta-analytic model (and thus

RAP) using the maximum likelihood estimator for the correctly specified statistical model

for the observed data (i.e., individual study e�ect size estimates (and test statistics) are

modeled as independently distributed according to a normal distribution with common

e�ect size and known variance—the classic one-parameter so-called “fixed e�ects”

meta-analytic model).

Because meta-analytic estimates of RAP follow directly from estimates of

meta-analytic model parameter(s) and estimates of the sampling variances, the quality of

an estimate of RAP will directly depend on the quality of the estimate of the model

parameter(s) (which will in turn depend on the quality of the meta-analytic model

specification) and the quality of the estimates of the sampling variances. Consequently, this

scenario is statistically the most ideal one possible for estimating RAP for several reasons.

First, the meta-analytic model is correctly specified. Second, the meta-analytic model is as

simple as possible, consisting of an extremely straightforward and well-behaved distribution

(i.e., independent normal with common e�ect size and known variance) with only a single

model parameter to be estimated. Third, the meta-analytic model is estimated via the
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Note: Going forward, we set n to achieve a given target level of power given δ.



- The sampling distribution of the point estimate 
is centered around the true value of 0.5 but has 
nontrivial width.  

- That is, the estimates are highly variable and 
thus not particularly accurate. 

- Example: the 2.5% and 97.5% quantiles of the 
sampling distribution are 0.363 and 0.643 
respectively.  

-* The median number of studies included in meta-
analyses in psychological research is 12; only 26% 
include more than 30 (Van Erp et al., 2017) 
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Scenario 1: Sampling Distribution:
δ = 0.50 
n = 31 (⇒ power = 0.5) 

k = 30*



Scenario 1: Sampling Distribution:

- Are these results idiosyncratic to δ, n, and k? Repeat for: 

‣ k = 10, 20, 30, ..., 100 

‣ δ = 0.1, 0.2, 0.3, ..., 0.9 

‣ power = 0.1, 0.2, 0.3, ..., 0.9 (via n) 

- Because it would be prohibitive to present the resulting 810 sampling distributions 
via histograms, we summarize each by a single number that describes its variability: 

‣ 95% Sampling Distribution Width: the difference between the 97.5% and 2.5% 
quantiles. 

‣ Example: the 95% sampling distribution width of the sampling distribution on 
the prior slide was 0.643 − 0.363 = 0.280. 

δ = 0.50 
n = 31 (⇒ power = 0.5) 

k = 30



Scenario 1: 95% Sampling Distribution Widths
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ONE WAY TO USE THE FIGURE

Scenario 1: 95% Sampling Distribution Widths

- The figure can be used to assess the degree of variability one must be prepared to 
face when one has a given number of studies available for estimating average power.  

- Example: when one has 30 studies available, the 95% sampling distribution width is: 

‣ About 0.2 when average power is 0.2 

‣ Just under 0.3 when it is 0.5 

‣ About 0.2 when it is 0.8.  

- Because the true value of average power is never known, the degree of variability one 
must be prepared to face is the maximum 95% sampling distribution width over all 
values. 



ONE WAY TO USE THE FIGURE: TO CREATE A TABLE

Scenario 1: 95% Sampling Distribution Widths

- The figure can be used to assess the degree of variability one must be prepared to face 
when one has a given number of studies available for estimating average power.  

- Example: when one has 30 studies available, the 95% sampling distribution width is: 

‣ About 0.2 when average power is 0.2 

‣ Just under 0.3 when it is 0.5 

‣ About 0.2 when it is 0.8.  

- Because the true value of average power is never known, the degree of variability one 
must be prepared to face is the maximum 95% sampling distribution width over all 
values.  

‣ Example: one must be prepared to face a 95% sampling distribution width of 0.283 
when 30 studies are available for estimating average power.

Scenario
Number of Studies

10 20 30 40 50 60 70 80 90 100

Scenario 1 0.47 0.343 0.283 0.245 0.22 0.202 0.187 0.176 0.166 0.158

Scenario 2 0.732 0.562 0.473 0.416 0.373 0.343 0.321 0.301 0.286 0.268



Scenario 1: Conclusion

- What constitutes a tolerable degree of variability varies by context... 

‣ ...but, we view a 95% sampling distribution width of 0.2 as the worst tolerable for 
estimating average power.  

- More than 60 studies are required to avoid exceeding this worst tolerable degree of 
variability in this scenario! 

- Given that 

‣ Only 13% of meta-analyses in psychological research include more than 60 studies  

‣ Point estimates will be more variable and thus less accurate in more realistic 
scenarios 

- We can conclude that point estimates of aver- age power are too variable and inaccurate 
for use in application. 



Scenario 2: Motivation

- Given the prior results, one need not consider additional scenarios (if accurate point estimates 
cannot be obtained in that ideal scenario, they cannot be obtained in more realistic scenarios).  

- Although this argument is clearly valid, recent techniques to estimate average power via the meta-
analytic approach (Brunner & Schimmack, 2016; Simonsohn et al., 2014) motivated us to consider 
one additional scenario.  

- Specifically, these techniques attempt to estimate average power in a manner that attempts to 
address publication bias—the fact that studies with results that are statistically significant are 
overrepresented in the published literature relative to those with results that are not.  

‣ They attempt to do so by estimating the meta-analytic model based only on studies with 
results that are statistically significant in a manner that accounts for this selec-  

- Consequently, it is worthwhile to evaluate point estimates of average power based only on studies 
with results that are statistically significant so as to deter- mine just how much variability increases 
and thus accuracy decreases relative to the prior scenario. 



Scenario 2: Design

- The scenario that is statistically the most ideal one possible when such estimates are 
based only on studies with results that are statistically significant (an idealized variant 
of the setting of the classic one-parameter Hedges (1984) selection model). 

- This scenario is identical to the prior scenario except in one regard, namely, that the 
meta-analytic model is estimated based only on studies with results that are 
statistically significant in a manner that accounts for this selection. 



Scenario 2
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- Again, the sampling distribution of the 
point estimate is centered around the true 
value of 0.5 but has nontrivial width.  

- That is, the estimates are highly variable and 
thus not particularly accurate. 

- Example: the 2.5% and 97.5% quantiles of 
the sampling distribution are 0.244 and 
0.703 respectively. 

Scenario 2: Sampling Distribution:
δ = 0.50 
n = 31 (⇒ power = 0.5) 

k = 30
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n = 31 (⇒ power = 0.5) 
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Scenario 2: 95% Sampling Distribution Widths



ONE WAY TO USE THE FIGURE: TO CREATE A TABLE

Scenario 2: 95% Sampling Distribution Widths

- The figure can be used to assess the degree of variability one must be prepared to face 
when one has a given number of studies available for estimating average power.  

- Example: when one has 30 studies available, the 95% sampling distribution width is: 

‣ About 0.2 when average power is 0.2 

‣ Just under 0.3 when it is 0.5 

‣ About 0.2 when it is 0.8.  

- One must be prepared to face a 95% sampling distribution width of 0.473 when one has 
thirty studies with results that are statistically significant available for estimating average 
power. 

- For all intents and purposes, not possible to avoid exceeding the worst tolerable degree of 
variability (i.e., .2) when estimating average power based only on studies with results that 
are statistically significant. 

Scenario
Number of Studies

10 20 30 40 50 60 70 80 90 100

Scenario 1 0.47 0.343 0.283 0.245 0.22 0.202 0.187 0.176 0.166 0.158

Scenario 2 0.732 0.562 0.473 0.416 0.373 0.343 0.321 0.301 0.286 0.268



Scenario 2: Conclusion

- Given that point estimates based only on studies with results that are statistically 
significant will be more variable and thus less accurate in more realistic scenarios... 

- ...we conclude that such estimates—featured by recent techniques (Brunner & 
Schimmack, 2016; Simonsohn et al., 2014)—are extremely variable and inaccurate. 

- We therefore reiterate our conclusion that point estimates of average power are too 
variable and inaccurate for use in application. 



TWO DESIRABLE PROPERTIES

Interval Estimates

- In the context of the two scenarios, interval estimates are valid. 

‣ That is, nominal (1 − α) × 100% interval estimates cover the true value of average 
power (1 − α) × 100% of the time. 

- Further, the expected width of nominal (1 − α) × 100% interval estimates matches the 
corresponding (1 − α) × 100% sampling distribution width. Among other things, this 
means 

‣ If we had plotted the expected width of the 95% interval estimates in the figures 
shown earlier rather than the 95% sampling distribution width, the figures would 
look identical. 



ONE VERY UNDESIRABLE PROPERTY

Interval Estimates

- The width of interval estimates depends on the 
corresponding point estimates. 

- Strong inverse U-shaped relationship: 

‣ Low and high point estimates of average 
power are accompanied by narrow interval 
estimates of average power  

‣ Moderate point estimates are accompanied by 
wide interval estimates 

- Regardless of the true value of average power.  

- Implication: the width of an interval estimate of 
average power cannot serve as an independent 
measure of the precision of the point estimate.
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ONE VERY UNDESIRABLE PROPERTY

Interval Estimates

- The width of interval estimates depends on the 
corresponding point estimates. 

- Strong inverse U-shaped relationship: 

‣ Low and high point estimates of average 
power are accompanied by narrow interval 
estimates of average power  

‣ Moderate point estimates are accompanied by 
wide interval estimates 

- Regardless of the true value of average power.  

- Implication: the width of an interval estimate of 
average power cannot serve as an independent 
measure of the precision of the point estimate.
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Application to Power-Posing



KEY FINDINGS

Can our key findings resolve a seeming puzzle posed by three 
estimates of the average power of the power-posing literature?

1. Point estimates of average power are highly variable, and dramatically more so when 
based only on studies with results that are statistically significant. 

2.  The width of interval estimates of average power depend on the corresponding point 
estimates. 

- Seeming puzzle: 

‣ Interval estimates can increase substantially in width even as more studies are 
added to the meta-analysis.



Three estimates of the average power of the power-posing 
literature obtained via the meta-analytic approach 

- Simmons and Simonsohn (2017): Estimate = 0.05 [95% CI: 0.05, 0.18] based on a meta-
analysis of 33 studies employing the so-called p-curve meta-analytic model.  

‣ “If the same studies were run again, it is unlikely that more than [18%] of them would 
replicate, and our best guess is that 5% of them would be [statistically] significant” 

- Cuddy, Schultz, and Fosse (2018): Estimate = 0.44 [95% CI: 0.20, 0.66] based on a meta-
analysis of the same 33 studies included in the meta-analysis of Simmons & Simonsohn (2017) 
as well as 20 additional ones also employing the so-called p-curve meta-analytic model. 

‣ The power-posing literature “possesses evidential value.”  

-  Schimmack and Brunner (2017): Estimate = 0.29 [95% CI: 0.11, 0.53] based on a meta-
analysis of the same 53 studies included in the meta-analysis of Cuddy et al. (2018) employing 
the so-called z-curve meta-analytic model. 

‣ “At best, we can say that some power posing studies had effects...but we do not know 
how many studies are replicable.” 

- All three estimates are based only on studies with results that are statistically significant.



Does our first key finding help make sense of this?

- Our finding regarding the high variability of estimates is reflected in the large 
variation in these three point estimates: 

‣ 0.05 versus 0.44 versus 0.29.  

- Our finding regarding the dependence between point estimates and interval 
estimate widths helps resolve this seeming puzzle: 

‣ The 95% interval estimates reported by CSF and SB are more than three times the 
widdth of that reported by SS—widths of 0.46 and 0.42 respectively versus a 
width of 0.13—despite the fact that the meta-analyses conducted by CSF and SB 
include all 33 studies included in the meta-analysis of SS as well as 20 additional 
studies! 



LOW POINT ESTIMATE AND NARROW INTERVAL ESTIMATE

A reappraisal of Simmons and Simonsohn (2017)

- On the one hand, they could correctly reflect a low true value of average power.  

- On the other hand, point estimates of average power—particularly those based only on 
thirty-three studies with results that are statistically significant—are highly variable. 

‣ Consequently, it is also possible that the low point estimate—and the narrow 
interval estimate that necessarily accompanies it—could be obtained were the true 
value of average power considerably higher  

- Further, had SS obtained a point estimate near such a value, they also would have 
obtained a considerably wider interval estimate. 

‣ Indeed, being based on many fewer studies, their interval would have been even 
wider than those reported by CSF and SB.  

- Our findings resolve this seeming puzzle. When considered alongside the results 
reported by CSF and SB, they strongly suggest that the interval estimate reported by SS 
and obtained via the so-called p-curve meta-analytic model is optimistically narrow if 
taken as a measure of precision. 



Discussion



Conclusions

- Average power is not relevant to the replicability of actual prospective replication studies. 

‣ Instead, it relates to efforts in the history of science to catalogue the power of prior studies. 

- Point estimates of average power are too variable and inaccurate for use in application. 

- The width of interval estimates of average power depends on the corresponding point 
estimates; consequently, the width of an interval estimate of average power cannot serve as an 
independent measure of the precision of the point estimate.  

- It is unreasonable to expect accurate estimates of the average power of particular literatures 
(e.g., power-posing) for two reasons: 

‣ There are seldom a very large number of studies available for a particular literature.  

‣ Estimates will be more variable and thus less accurate in more realistic scenarios and thus 
in application.  

• Example: Attempting to address publication bias causes estimates to be too variable 
and thus insufficiently accurate to be useful in application. 


