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Abstract
The replication crisis heightened interest in methods for assessing the credibility of published
research. One approach to evaluate published results is to estimate the average power of original
studies based on observed data. Recent criticisms, however, have challenged the validity and
usefulness of this approach, arguing that it involves a fundamental "ontological error," fails to
predict replication outcomes accurately, and yields imprecise estimates. This article aims to
address these critics. We clarify that using observed data to estimate true power is a standard
inferential practice and does not constitute an ontological error. We argue that the primary
purpose of average power estimation is not to predict the outcome of future replication studies,
but the hypothetical outcome if original researchers had to replicate their studies with new
samples. Lastly, we demonstrate that even when uncertainty is substantial, average power
estimates provide valuable diagnostic information about the credibility of literatures, especially
when selection for significance is present. An applied example using a Z-curve analysis of terror
management research shows that seemingly strong evidence of over 800 significant results does
not rule out the possibility that all results are false positives. We conclude that, despite
limitations, average power estimation remains a valid and useful tool for evaluating the
evidential value of published research.

Keywords: statistical power, replicability, meta-analysis, credibility, uncertainty



AVERAGE POWER & REPLICABILITY 4

An Average Power Primer:
Clarifying Misconceptions about Average Power and Replicability

During the 2010s, the field of psychology became increasingly aware of the difficulty in
replicating many published findings. The most notable demonstration of replication problems is
the Reproducibility Project (Open Science Collaboration, 2015). In this project, 100 studies
published in three journals were replicated as closely as possible and only 36% of the replication
studies obtained a statistically significant result. Success rates were slightly higher in cognitive
psychology (50%) than in social psychology (25%) (Open Science Collaboration, 2015). From
then on, efforts have been directed to assess the replicability of published results in psychology.
In some cases, even large-scale replication studies with thousands of participants failed to
replicate results despite hundreds of significant results in peer-reviewed journals (Vohs et al.,
2021). The underwhelming results from seemingly robust findings backed by dozens of
significant results have led to some researchers to declare a replication crisis or a crisis of
confidence in psychological science (Schimmack, 2021; Vazire, 2018).

In response to the replication crisis, psychologists started to examine scientific practices
that may inflate the probability of publishing a false positive result (John et al., 2012). Statistical
tools such as the Test of Excess Significance (Francis, 2014; loannidis & Trikalinos, 2007;
Schimmack, 2012), p-curve (Simonsohn et al., 2014), and z-curve (Barto§ & Schimmack, 2022;
Brunner & Schimmack, 2020) were developed to diagnose publication bias and questionable
research practices, and to evaluate the credibility of published research after correcting for
publication bias. These methods are based on solid mathematical foundations (see Brunner &

Schimmack, 2020, for proofs), and have been validated with extensive simulation studies (Bartos
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& Schimmack, 2022). They also have shown predictive validity with actual replication studies
(Sotola, 2023).

However, some critical articles have raised concerns about the validity and usefulness of
retrospective estimation of average power (e.g., McShane et al., 2020; Pek et al., 2024), raising
three major concerns: an alleged ontological error when applying statistical power concepts post-
study for evaluation, limited predictive validity of average power for future replication outcomes,
and high uncertainty in average power estimates.

In this article, we carefully address these criticisms against power analyses of published
studies to evaluate their credibility or to predict the outcome of replication studies. First, we
show that the ontological error argument is based on a misunderstanding on the use of statistical
power to examine the evaluate completed studies. We clarify that the primary purpose of
estimating average power is not to predict outcomes of future replication studies, but to evaluate
the credibility of the published studies by estimating their true average power. That is, if
researchers repeated their original studies exactly, using the same methods and sample sizes,
how likely would they be to obtain significant results again in a new sample with new sampling
error? Second, we argue that average power estimates and their corresponding confidence
intervals can be used to assess the credibility of original results despite uncertainty. Lastly, we
showcase through a case study how average power can serve to assess the evidential value of a
literature with a high discovery rate. The observed estimates and uncertainty can serve to inform
future replication efforts. These estimates of average power provide powerful (pun intended)
information about significant results in psychology journals. Misleading claims about methods

that estimate average power are therefore problematic because they may be used by researchers
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who produced significant results with questionable research practices to dismiss evidence that
their evidence has low credibility; that is, low power and a high false positive risk.
Ontological Confusion: Pre-Outcome and Post-Outcome Probabilities

Traditionally, statistical power is defined as the long-run probability that a study
produces a statistically significant result, conditional on a hypothetical population effect size that
is different from zero (Cohen, 1988). The conditioning on a non-zero effect size makes sense for
a priori power analysis, but it cannot be applied to estimates of true power because some studies
may have population effect sizes of zero. We therefore define power (€) as the unconditional
probability of producing a significant result (Barto§ & Schimmack, 2022). This definition
includes studies where the null hypothesis is true. The probability of obtaining a significant
result when the null hypothesis is true is equals alpha. Henceforth, we refer to unconditional
power as power. We distinguish among three types of power, hypothetical power, ey =
f(a,N, By), observed power, € = f (a, N, @), and true power, er = f(a, N, 01). We use the
subscript “ H ” to denote a hypothetical population parameter that is neither true nor observed,
and “ T ” to denote a true population parameter, (H = Hypothetical, T = True).

Hypothetical power (ey) describes a power estimate where 6y is a speculation of the
population effect size. Hypothetical power is often used to plan sample sizes during the pre-study
phase using an assumed true population effect size. Observed power (€) is estimated using the
observed effect size and sampling error. The true power (et) represents the unconditional
probability of obtaining a significant result, based on the unknown true population effect size
(87).

We refrain from the use of terms such as a prior and post-hoc power because power

calculations can be conducted before and after a study, and power calculations after a study can
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use hypothetical values or observed data. We also do not discuss the problematic use of observed
power to evaluate the results of a single study (Hoenig & Heisey, 2001). Our focus is on the use
of observed average power from a set of studies as estimates of the true average power of these
studies.

Pek et al. (2024) argue that it is a fatal ontological error to estimate the power of a study
after the study has been completed, “Applying a probability over random data to fixed
(observed) data is a fatal ontological error” (p. 5). We agree that an observed outcome (e.g., a
significant p-value) is a fixed fact. However, inferential statistics routinely use observed data to
estimate unknown population parameters. Average power calculations do not make claims about
the probability of the conducted studies. For example, the original studies in the Reproducibility
Project had 97 significant results, which is typical for psychology journals (Sterling, 1959;
Sterling et al., 1995). Estimating the true power of these studies is not a prediction of the
probability of the completed studies to produce significant results because the percentage of
significant results is known to be 97%. The goal is not to assign a probability to the set of
realized studies with a fixed outcome, but to estimate the expected success rate if the same study
were repeated under identical conditions with a new random sample. This is conceptually
analogous to estimating the true proportion of any binary outcome (heads vs. tails of a coin toss)
on the basis of a sample of events (Brunner & Schimmack, 2020)

A fair coin has a 50% probability to obtain heads or tails. After tossing the coin, the
outcome is either heads or tails. The true power parameter of the coin determines the long-run
probability of that coin to produce head again in the next toss or the long-run frequency of heads
and tails of the coin. We cannot infer this coin’s long-run probability to draw heads (€) from a

single coin toss (€), in the same manner that we cannot estimate the true population effect size
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(0) present in a study from the single observed effect size (8). If we continue randomly selecting
and tossing coins from different populations with different probabilities, we will have a series
observed outcomes. Then, the observed rate of heads P(Heads) can be used to estimate the

mean probability to draw heads if we were to toss all the coins again, the population mean true
power (€7). Therefore, it is also possible to estimate the probability of drawing heads if we were

to toss another coin from the exact same populations where we drew for the original coin set.

The same logic can be applied to published research, the observed success rate of a set of studies
P(Significant) can be used to estimate the population mean true power (€7), that is, the long-

run probability of the studies to produce the observed outcome.

In summary, it is not an ontological error to infer power from the results of observed
studies and to make predictions about the outcome of hypothetical or future studies drawn from
this set of completed studies.

Average Power and Replicability

Another concern has been “average power cannot quantify the replicability of an effect”
(Pek et al, 2024, p. 11). It is often assumed that the purpose of power estimation is to predict
outcomes of real-world replication studies, which are often non-exact due to changes in context,
samples, or procedures (McShane et al., 2020). However, this argument does not hold for
hypothetical prospective replication studies that by definition are identical to the completed
studies. We agree that it is not very valuable to predict the outcome of actual replication studies,
especially when average power of original studies is low. In this case, it would be futile to
replicate the original studies exactly with the same sample sizes. Rather, actual replication
studies would need to increase sample sizes and might also improve methodological weaknesses

of original studies (e.g., Doyen et al., 2012).
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However, predicting outcomes of new replication studies is not the primary goal of
estimating average power. The key question is what results one would expect in a hypothetical
replication project where the original authors redo their studies exactly as they were done, but
with a new sample. This information is particularly interesting when results are selected for
significance. When selection for significance is present, statistical significance provides no
information about the false positive risk (Sterling, 1959). Estimates of average power, however,
make it possible to distinguish credible results that were driven by true effect sizes from sets of
studies with low average power that may contain a large percentage of false positive results
(Sori¢, 1989). In short, average power estimation provides a diagnostic tool for evaluating the
evidential value of sets of studies.

Actual replication studies can be used, however, to evaluate predictions based on average
power. The original studies used for the Reproducibility Project had a 97% success rate (Open
Science Collaboration, 2015). Taken at face value, this finding implies that the studies had an
average power of 97%. However, the replication studies had only a success rate of 36%. This
suggests that the replication studies had an average power of 36%.

The issue with the original estimate is that it does not take in consideration that just like
average observed effect size can be biased by selective publication so can the observed success
rate. It is imminent that selection bias is accounted for when estimating average power, as
selection bias systematically inflates the observed success rate. Thus, we cannot use the observed
success rate of a set of studies at face value. Actual replication study outcomes can be used,
however, to evaluate predictions based on average power. Either the replication studies had

similar sample sizes (Open Science Collaboration, 2015) or the observed effect sizes of a
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replication studies can be used to compute the hypothetical power with the sample sizes of the
original studies.
Average Power Estimates are Too Variable to be Useful

Pek et al. (2024) draw on McShane et al.’s (2020) simulation studies to argue that
estimates of average power are too variable and imprecise to be useful. They cite McShane et
al.’s (2020) article to support this claim, but even McShane et al. (2020) point out that there is no
fixed amount of uncertainty that invalidates empirical results, “Although what constitutes a
tolerable degree of variability varies by context, we view a 95% sampling distribution width of .2
as the worst tolerable for estimating average power” (p. 191).

We agree that uncertainty is a concern, especially in small samples or highly
heterogeneous literatures. However, uncertainty does not negate the informational value of
power estimates. For example, if an average power estimate ranges from 10% to 40%, we can
safely conclude that the original studies are underpowered and that future studies need to
increase sample sizes to avoid false negative results, even if there is uncertainty about the true
power of the studies. From this finding, we can also infer that effect size estimates are likely
inflated because the true population effect size would not produce a significant result. This
conclusion is implied by the statistical fact that a p-value equal to alpha (.05) corresponds to 50%
power. Thus, a study with 40% power requires an inflated effect size estimate to achieve
significance.

The main problem with estimates of observed power is the fallacy to confuse observed
and true parameters; and the term observed does not help. Point estimates of average power are
not observations of the true average power. To avoid this confusion, all estimates of true average

power should be accompanied by uncertainty indicators such as 95% confidence intervals. The
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width of these intervals depends on the set of studies and some other factors. The estimation
error shrinks as the number of studies increases, just like sampling error shrinks with the number
of participants in a study. Uncertainty can sometimes be less than McShane et al.’s (2020)
arbitrary criterion of 20 percentage points and sometimes more. Whether the results are useful
depends on the research question and the actual width of a confidence interval. It is impossible to
state categorically that they are always too wide to be useful (Pek et al., 2024).

In conclusion, uncertainty in estimates of average power can be estimated with
confidence intervals and average power estimates can be useful even if there is uncertainty in the
estimates. The following section will use terror management research to showcase how average
power can be useful evaluate the credibility of completed studies.

Terror Management Meta-Analysis

Chen et al. (2025) published a meta-analysis of over 800 terror management studies, in
which the authors cite a chapter by Pek et al. (2022) warning readers that “power estimates are
subject to the usual theoretical objections to estimating power from a fixed sample of data”
(Chen et al., 2025, p. 16). Terror management studies use primes of death to examine the effect
of mortality salience on people’s beliefs, attitudes, and behaviors. We are concerned that
misleading claims like these can be used to dismiss the results of a z-curve analysis. As pointed
out above, it is not an ontological error to estimate true power based on observed data and to
wonder how many significant results terror management researchers would find if they redid
their studies the same way with new samples.

We reproduce the Z-curve analysis reported in their article here and explain for readers
unfamiliar with Z-curve how results of a Z-curve analysis can be used to evaluate the credibility

of published results (see also Soto & Schimmack, 2024). The data used for this case study was



AVERAGE POWER & REPLICABILITY 12

made publicly available by Chen et al. (2025) and the code to replicate the Z-curve results has

been made available in an associated OSF repository, https://osf.io/7ck4v/. The re-analysis of the

data was not preregistered.

Z-curve is a selection model that uses the distribution of z-scores to estimate average
power. Unlike the meta-analytical approaches criticized by Pek et al. (2024) that estimate
average power from a meta-analytic effect size, Z-curve estimates the population mean true
power of a random sample of tests that have been selected for significance. By modelling the
distribution of underlying the true power values across studies, it accommodated for
heterogeneous true effect sizes without assuming the true distribution and selection bias (see
Barto§ & Schimmack, 2022b and Brunner & Schimmack, 2020, for further details).

A Z-curve plot is helpful to evaluate the presence of selection bias. In this case, Chen et
al. (2025) coded only significant results, which explains why there are no observations on the left
side of the significance criterion z = 1.96 that corresponds to alpha = .05, two-tailed. However, it
is well known that psychology journals mostly report significant results with success rates over
90% (Sterling, 1959). Thus, selection bias is a problem and observed power overestimates true
power (Schimmack, 2012).

Figure 1


https://osf.io/7ck4v/
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A Z-curve plot for Terror Management Studies
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During visual inspection, a peak at z = 1.96, a steep decrease, and few studies with high
z-scores (z > 4) imply that average power is low. Studies with 80% power would have a peak at
2.8. Z-curve provides an estimate of average power by fitting a model to this distribution and
assuming a simple selection process, namely non-significant results are not reported, whereas
significant results are reported. This model implies that there is no use of p-hacking to lower p-
values to the level of significance. With this assumption it is possible to estimate the average
power of all studies that were conducted, including the non-significant results that are missing in
Figure 1. This estimate is sometimes called unconditional power because it does not condition on
significance. Barto§ and Schimmack (2022) call this estimate of average power the Expected
Discovery Rate (EDR), because it is an estimate of the actual percentage of significant results
that is expected without selection for significance. The point-estimate is 8%, as reported in Chen
et al. (2025).

The first observation is that the confidence interval is not symmetrical. The difference

from 8% to 5% is only 3 percentage points, whereas the difference between 8% and 17% is 9
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percentage points. The asymmetry is caused by a floor effect. Power is limited by alpha and
cannot be less than 5%. This makes it problematic to express uncertainty by the width of the
interval (McShane et al., 2020). Uncertainty also has different substantial implications depending
on the direction of sampling error. In this example, the lower limit is theoretically more
important than the upper limit. The lower limit includes alpha = 5%. This suggests, it is not
possible to rule out the possibility that all these significant results were produced without a real
effect; That is, the null-hypothesis is true in all 825 studies.

The EDR can also be used with the formula developed by Sori¢ (1989) to estimate the
maximum false discovery rate that is compatible with the estimated EDR. Schimmack and
Bartos, (2023) refer to this estimate as the False Discovery Risk (FDR). The relationship
between EDR and FDR is not linear. Even a low EDR of 17% implies that no more than 26% of
the significant results can be false positive results. The range of possible FDR values is very
wide and ranges from 26% to 100%, with a rather meaningless point estimate of 58%. Given the
width of the confidence interval, it would be false to conclude that 58% of the results are false
positives, but 42% are not false positives. The important empirical conclusion is that the data do
not rule out the possibility that the entire literature rests on false positive results. The fact that the
confidence interval is very wide does not undermine this conclusion because the burden of proof
is on researchers who want to provide evidence for their theory. We might say that an FDR of
100% creates reasonable doubt about the credibility of the evidence. To convince skeptics, we
might demand a much lower FDR.

The EDR estimate is based on assumptions about the selection process that may be false.
If researchers used questionable practices to get significance in their studies, they need to test

fewer studies. Moreover, questionable research practices can inflate the false positive risk
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considerably (Simmons et al., 2011). Thus, this scenario also raises concerns about the
credibility of the published results.

Alternatively, it is possible to focus on the average power of the published studies with
significant results. This is also the aim of p-curve (PCURVE). This estimate is sometimes called
conditional power, average power after selection for significance or the Expected Replicability
Rate (ERR) as described in Z-curve (Brunner & Schimmack, 2020). It is an estimate of the
population’s long-run probability of producing a significant result again if another hypothetical
study were conducted under the exact same conditions. Best understood as the expected success
rate if we had a time machine and asked the original researchers to redo their studies with new
samples and without the use of questionable research practices.

The ERR is 19% with a confidence interval ranging from 12% to 26%. Thus, the
confidence interval even meets McShane et al.’s (2020) definition of precision that deviations
from the point estimate should be less than 10 percentage points. This further affirms that Pek et
al.’s (2024) claims that these estimates are always imprecise is inaccurate.

The confidence interval of the ERR does not include a value of 5%. Thus, the ERR
rejects the pessimistic conclusion based on the EDR that all studies could be false positives.
However, the upper limit of the ERR also shows that average power is low and that replication
studies with the same sample sizes are more likely to produce non-significant results than
significant ones. This is valuable information because it means that future studies need to use
much larger samples to provide meaningful tests of the theory, even if average power does not
predict the outcome of these new studies. If it could do so, we would not need to conduct costly

actual replication studies.
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A higher ERR than the EDR implies that studies vary in power. That is, if all studies had
an average power of 10%, selection for significance could not select for more powerful studies.
Heterogeneity in power also implies that some studies have a higher chance of producing a
significant result in an actual replication study than others. To capitalize on this heterogeneity, it
is possible to lower the criterion for significance to reduce the false positive risk (Soto &
Schimmack, 2024).

We used Zing for the following section rather than the zcurve package (Barto§ &
Schimmack, 2020) because Zing has some new developmental features that are not yet
implemented in the current version of the zcurve package. Zing provides some information about
heterogeneity in power because it computes the local power for subsets of studies with different
z-scores. These estimates are shown below the x-axis. Studies with non-significant results are
expected to have very low power (< 11%). However, even studies with z-scores between 2 and
2.5 have only 13% power. Average power estimates reach acceptable levels of power with z-
scores greater than 4. There are also 15 studies with z-scores greater than 6 that practically have
100% power. Terror-management researchers might want to focus on these studies to see
whether there are moderating factors that separate these studies from other studies.

According to Pek et al. (2024), Chen et al.’s (2025) z-curve analysis of terror
management studies should be ignored because it makes an ontological error, does not predict
outcomes of actual replication studies, and produces imprecise estimates. We provided strong
counterarguments to these three claims. First, we realize that the published studies have a 100%
success rate and that it is nonsensical to make probability statements about the outcome of these
studies. However, we can make probability statements about researchers’ ability to

hypothetically replicate their findings under the same conditions as the original studies with the
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same sample sizes, but with a new sample and following exactly the same statistical procedure
that they used the first time. Our results show that researchers will not be able to produce
significant results again in most studies. In fact, it would be surprising if they can produce
significant results again in more than 50% of these studies. These results are helpful to evaluate
the existing literature and raise concerns about the terror management literature.

While we do not agree with Chen et al. (2025) that “there must be some nonzero
underlying effects in the studies we examined,” we agree with their conclusion that “overall, the
heterogeneous set of significant findings in TMT likely includes either inflated estimates or false
positives, due to a combination of insufficient statistical power and publication bias” (p. 18). The
real fatal error would be to ignore these findings and to assume that a standard effect-size meta-
analysis that does not take publication bias into account provides credible evidence about this
literature.

Conclusion

In this commentary, we addressed three criticism of statistical methods that estimate
average power to assess the credibility of published results. First, we showed that the ontological
error argument is invalid because it confuses observed power and true power. The observed
power of a set of completed studies is not a probability. Maybe the term “observed” is
misleading. We do not observe the true average power. What we observe are biased estimates of
population effect sizes and statistical power. When these observed data are used to estimate true
power, true power remains a probability because we did not observe the true power. We merely
have an estimate of true power based on observed data. This distinction between estimates and
population parameters is often blurred, but crucial. Once we make a clear distinction, the

ontological error argument vanishes.
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Next, we pointed out that true power is related to the outcome of exact replication studies
with the same sample sizes as original studies, but not inexact replication studies with larger
sample sizes. The main focus of estimating average power is not to predict the outcome of future
studies, but to evaluate the credibility of the studies that were conducted. Average power is an
estimate of the success rate of hypothetical exact replication studies that only differ in sampling
error. Their ability to do so relies entirely on their correspondence with true power. Thus,
arguments that replication studies are never exact are irrelevant for the use of average power to
evaluate published studies. This conclusion is opposite to Pek et al.’s (2024) claim that average
power may have some use as a tool to plan future studies but should never be used to evaluate
completed studies. “Power should not be used to evaluate the results of completed studies from
an N—P perspective, because to do so is based on flawed logic” (p. 4). We argue that this is the
most important use of average power, especially when publication bias renders statistical
significance meaningless and inflates effect size estimates.

Lastly, we addressed the argument against average power estimates based on an arbitrary
criterion that estimates of average true power have to be within 10 percentage points of the true
average power to be useful. Even McShane et al. (2020) pointed out that in some research
context larger confidence intervals can still provide useful information. We, further,
demonstrated this with an estimate of the average power of terror management studies. The
width of the confidence intervals is a function of the number of studies and the usefulness of
estimates must be evaluated on a case-by-case basis. An issue with uncertainty of point
estimates, arises when the point estimates are falsely interpreted as the true population
parameters. A point estimate of a 58% false positive risk should not be interpreted as evidence

that 42% of all studies are not false positives. For the FDR, the upper limit of the 95%CI is
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important even if the interval is wide. A wide confidence interval that includes a 100% false
positive risk is informative because it undermines claims that a large number of significant
results can only be obtained with a real effect. A credible literature would have a low FDR
indicating that most published significant results are correct rejections of the null hypothesis. For
example, in medical research and emotion research the upper FDR limit was 21% and 30%,
respectively, suggesting credible evidence that most published significant results are correct
rejections of the null hypothesis (Schimmack & Bartos, 2023; Soto & Schimmack, 2024).
Furthermore, in both instances it was possible to achieve an upper bound for the false positive
risk below 5%, once one lowered alpha to .01.

Z-curve is not perfect, and it is still developing. Other researchers are developing similar
methods (van Zwet et al., 2023). More research on the method and validation with real data is
welcome. All this work will advance our ability to evaluate published results. Although Z-curve
has only recently been published in a peer-reviewed journal with open peer-review (Brunner &
Schimmack, 2020), it is already being used to probe the credibility of published results in several
fields with mixed results. Some authors have documented statistical evidence of publication bias
in dishonest research (Bartos, 2024), gambling intervention tools (McAuliffe et al., 2021),
system justification theory (SJT) (Sotola & Cred¢, 2022) and Construal Level Theory (CLT)
(Maier et al., 2022). While others have document little to no evidence of publication bias in
technology education (Buckley et al., 2023), social media use and self-esteem (van Anen, 2022),
and, mental fatigue and exercise (Holgado et al., 2023). Z-curve analyses have been used to
assess the credibility of results published in journals such as Cognition & Emotion and Emotion

(Soto & Schimmack, 2024), Journal of Sports Science (Mesquida et al., 2023), organizational
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journals (Crede & Sotola, 2024), personality journals (Sotola & Credé, 2023) and, there is an
incoming review of the 10 most impactful journals in occupational health (Veen et al., 2024).

Furthermore, the method has been previously validated through simulation studies
(Barto$§ & Schimmack, 2022; Brunner & Schimmack, 2020). Comparisons between Z-curve
estimates and large-scale replication efforts have shown that average power can be a valid
predictor of actual replication outcomes (Sotola, 2023).

In this commentary, we addressed fundamental objections to the use of these methods
and showed that they are based on misunderstandings of average power and replicability. This
article should help researchers who are using Z-curve, reviewers, and readers of Z-curve studies

to understand the method and its limitations, and to respond to false criticisms of the method.
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Figure 1

A Z-curve plot for Terror Management Studies
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Note. ODR = Observed Discovery Rate, EDR = Expected Discovery Rate, ERR = Expected

Replication Rate, FDR = False Discovery Risk.

27



