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Many bodies recommend that a sample planning procedure, such as traditional NHST
a priori power analysis, is conducted during the planning stages of a study. Power
analysis allows the researcher to estimate how many participants are required in order
to detect a minimally meaningful effect size at a specific level of power and Type I
error rate. However, there are several drawbacks to the procedure that render it “a
mess.” Specifically, the identification of the minimally meaningful effect size is very
challenging, the procedure is not precision oriented, and does not guide the researcher
to collect as many participants as feasibly possible. In this study, we explore how these
three theoretical issues are reflected in applied psychological research in order to better
understand whether these issues are concerns in practice. To investigate how power
analysis is currently used, this study reviewed the reporting of 443 power analyses
in high impact Psychology journals in 2016 and 2017 using Google Scholar. It was
found that researchers rarely use the minimally meaningful effect size as a rationale
for the chosen effect in a power analysis. Further, precision-based approaches and
collecting the maximum sample size feasible are almost never used in tandem with
power analyses. In light of these findings, we offer that researchers should focus on
tools beyond traditional power analysis when sample planning, such as collecting the
maximum sample size feasible.

Keywords: power analysis, statistical power, Type II error rate, precision-based sample
planning, minimally meaningful effect size

Introduction

Psychology researchers are continually critiqued for
conducting studies that are underpowered (Maxwell,
2004). One of the consistently suggested recommen-
dations to address the problem of low power is to con-
duct sample planning procedures like power analysis
(Mistler, 2012; Association for Psychological Science,
2018; Wilkinson, 1999). In traditional null hypothesis
significance testing (NHST) a priori power analysis, a
researcher estimates the number of subjects required to
detect a minimally meaningful effect size (MMES) at a
given level of power (1 — 3, where j represents the Type
II error rate), and Type I error rate (a) (Dienes, 2014;
Sedlmeier and Gigerenzer, 1992). Accordingly, by spec-
ifying the desired power to detect an MMES, NHST-
based power analysis is meant to decrease the likeli-
hood of a study being underpowered. Unfortunately,
in practice, when conducting traditional NHST a priori
power analysis, researchers often do not consider what
an appropriate MMES might be and instead rely on past
experiences to come up with a target effect size. Fur-
ther, upon seeing a large (and maybe infeasible) sam-
ple size, researchers may try different variations of the

parameters (effect size, alpha level, power) in order to
obtain a sample size that is attainable. Accordingly, al-
though NHST-based power analysis is meant to help re-
duce power problems in psychological research, it some-
times complicates them further.

There are three reasons why traditional NHST-based
power analysis is a problematic sample planning pro-
cedure. The first is the difficulty and feasibility of de-
termining the MMES parameter. The MMES, or the
smallest effect size that the researcher would find prac-
tically (e.g., clinically) important, is often challenging
or impossible to estimate (Dienes, 2014). Quantify-
ing it properly requires a thorough understanding of
the measures, target population, and theories surround-
ing the study. However, specifying it appropriately is
necessary in order to conduct power analyses correctly
(Dienes, 2014). Second, unlike other sample planning
procedures such as accuracy in parameter estimation
(AIPE) (Kelley and Maxwell, 2012), traditional NHST-
based power analysis does not consider precision but
instead focuses on detecting the presence or absence of
an effect. With no focus on confidence intervals, tradi-
tional NHST power analysis may be an outdated tool as
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Psychology research moves towards an increased usage
of estimation tools (Cumming, 2012). Third, traditional
NHST-based power analysis does not support collecting
the maximum sample size feasible (MSSF) for a given
research study. The MSSF strategy weighs practicality
constraints explicitly in the sample planning process,
unlike traditional NHST power analysis.

The paper is organized in the following manner: 1)
We begin by providing a brief introduction to sam-
ple size planning/power analysis; 2) We describe in
detail each of the theoretical issues with sample size
planning/power analysis raised in the previous para-
graph; 3) We conducted a review of sample size plan-
ning/power analysis reporting in high-impact peer-
reviewed Psychology journals to ascertain how this pro-
cedure is used; and lastly, 4) We provide recommenda-
tions to researchers regarding best practices for sample
size planning/power analysis.

Types of Power Analyses

Statistical power is a function of sample size, Type I
error rate, and the MMES. In traditional NHST a pri-
ori power analysis, a researcher estimates the required
sample size from the other three parameters (power
level, Type I error rate and MMES). For example, as-
sume a researcher is looking to detect a difference in
means with a two-group independent-samples t-test.
Assume also that 1 - 8 = .95, @ = .05 (two-tailed
test), and within the context of the study, the researcher
has reason to believe that the MMES is a Cohen’s d =
.70. Entering these into a power calculator, such as
the pwr.t.test function within the pwr package in R
(Champely, 2020), produces an estimate of the required
sample size, which is a total sample of 108, or 54 per
group.

Hypothetically, any three of these four parameters
(sample size, power, a, MMES) could be used to solve
for the fourth. For instance, a researcher might want
to use a pre-existing dataset (with a fixed sample size)
to find the minimally detectable effect size. Another
researcher might want to determine how much power
they had to detect an observed effect size for data that
has already been collected. It is worth noting that
when sample size is used as one of the input parameters
(rather than as the estimated outcome), a procedure is
necessarily no longer a sample planning tool. However,
for the purposes of the review, we analyzed the report-
ing of all four variants of this procedure. The three out-
lined reasons power analysis is problematic (difficulty
knowing the MMES, not precision-based, and not con-
ducive to choosing the MSSF) also apply to these ver-
sions of power analysis. For clarity, we briefly outline
the three alternative versions of power analysis below.

Sensitivity Power Analyses

Sensitivity power analyses are often used when re-
searchers are working with existing datasets or other-
wise constrained sample sizes. These types of power
analyses have become increasingly common and even
recommended as sample planning options by certain
journals (Aberson, 2018; Elsevier, 2020). There are two
types of sensitivity analyses: (a) effect size as the out-
come, and (b) power level as the outcome. In sensitiv-
ity power analysis with the effect size as the outcome
(also referred to as effect-size sensitivity analysis), re-
searchers use a pre-determined sample size along with
a specified @ and power level to estimate what can be
called the minimally detectable effect or minimal effect
size (Giner-Sorolla et al., 2019). In sensitivity analysis
with power as the outcome, a pre-determined sample
size, an MMES, and a given level of « are used estimate
the existing power in a given sample.

Post-Hoc Power Analyses

In post-hoc power analysis, researchers use an ob-
served effect size, utilized sample size, and « to estimate
the observed power within the study conducted. This
type of power analysis has been noted to have many
issues, in addition to the ones it shares with a priori
and sensitivity analyses, such as the observed power be-
ing a one-to-one function with the p-value (Hoenig and
Heisey, 2001). It has been noted to be especially prob-
lematic and its use is not recommended.

The underlying problems affecting all versions of this
procedure are the same. The first issue, the difficulty
and importance in choosing a correct MMES, may be
the most critical.

Issue 1: The Importance and Necessity of MMES
Specification

To avoid potentially under-powering a study, a re-
searcher should specify an MMES (Algermissen and
Mehler, 2018; Dienes, 2014; Zodpey, 2004). The MMES
and the power level are directly related, such that the
smaller the MMES, the lower the statistical power (hold-
ing sample size and @ constant). Another way to say
this is that the smaller the MMES, the larger the sample
size must be in order to achieve an acceptable level of
power (relative to the sample size required if the MMES
is larger). Accordingly, specifying an effect (e.g., ob-
served in a previous study) that is larger than an appro-
priate MMES can cause the study to be underpowered
for detecting the MMES (Dienes, 2014). For example,
let’s say the MMES for a given study/context is d = 0.80,
but the researcher mistakenly/inappropriately conducts
a traditional power analysis using an effect size of d



= 1.00 (maybe based on results from a pilot study).
The sample size required for a given power (let’s say
0.90) will be lower for d = 1.00 than for d = 0.80, and
thus if the researcher adopts the sample size required
for achieving 90% power with d = 1.00, they will not
have achieved 90% power for detecting the MMES of d
= 0.80. In contrast, specifying an effect that is smaller
than an appropriate MMES may suggest a sample size
larger than what is necessary or feasible in the given
study. For example, a researcher may expect a small
effect size, but it would not be appropriate to use this
small effect size as the MMES in a power analysis be-
cause it might not be meaningful.

If the observed effect size for the relationship of in-
terest is expected to be larger in magnitude than the
MMES, and power is the only consideration, then an
effect larger than the MMES could be used in the power
analysis (with the obvious limitation that if an effect
is observed that is larger in magnitude than the MMES,
but smaller in magnitude than the expected effect, there
would be reduced power for such an effect). Addition-
ally, even in this scenario, an MMES must be explicitly
defined in order to know its relative position to any ef-
fect specified in a power analysis. Otherwise, there is
no guarantee that, for instance, the specified effect is
not smaller than the MMES, meaning that the corre-
sponding power analysis would aim to detect a poten-
tially unimportant effect. Accordingly, there is no way
to conduct a power analysis correctly without clearly
expressing the appropriate MMES; it must be specified
a priori for both traditional a priori power analysis and
sensitivity analysis with power as the outcome. Further,
it should coincide with the effect obtained for sensitiv-
ity analysis with the effect as the outcome. Relatedly,
another setting where the MMES is extremely useful is
in equivalence testing where the MMES can be used to
create an equivalence bound. In equivalence testing,
any value that falls within the equivalence bound is con-
sidered negligible (for more information on equivalence
testing see Wellek, 2010).

Specification of the MMES requires a thorough con-
sideration of a study’s context (Aberson, 2015); in other
words, determining the smallest effect size that would
be practically significant given the nature and measure-
ment of the variables under study. The MMES cannot
simply be defined as an observed effect from a small-
sample pilot study or an observed effect from prior lit-
erature (Algermissen and Mehler, 2018). The MMES
is also different than the smallest expected effect, since
its interpretation is tied to importance or clinical value.
For these reasons, it has been noted that the MMES
“may be one of the hardest aspects of a theory’s pre-
diction to specify” (Dienes, 2014, p. 3). The consid-

erable degree of subjectivity in choosing an MMES for
power analysis can render the procedure quite difficult
for both exploratory and confirmatory research, as in
both instances choosing an MMES may require an un-
reasonable amount of guesswork about new phenom-
ena. Practically, this parameter is often unknown and
difficult to identify (Lipsey, 1990).

Examples within other disciplines, such as medical
research, state that the MMES should be both real-
istic and important, and of substantial interest based
on the phenomenon under study (Fayers et al., 2000).
Thus, the selection of an MMES should be a multi-
faceted process involving a review of prior research in
the area, which includes combining existing quantita-
tive information about effects (the magnitude of which
may also be overestimated: see Open Science Collabo-
ration, 2015; Albers and Lakens, 2018) with opinions
from stakeholders via panels and focus groups (Cook
et al., 2018). However, depending on the nature of
the research, ideal methods for selecting an appropriate
MMES may not be available, which could lead to the
selection of an arbitrary value for the effect size used
in a traditional power analysis. To summarize, the se-
lection of the MMES parameter is extremely challeng-
ing. Despite this, correct specification of an MMES is
unavoidable if a researcher wishes to elicit meaningful
information from a traditional power analysis.

Issue 2: Precision-Based Sample Planning

The specification and interpretation of confidence in-
tervals provide more information than statistical signif-
icance alone when analyzing results (Cumming, 2012;
Thompson, 2002). In the planning phase of a study, tra-
ditional power analysis aims to detect the presence or
absence of an effect, based on statistical significance,
rather than the precision or width around the effect
size estimate. Less commonly utilized sample planning
tools, such as precision-based sample planning (e.g.,
AIPE or accuracy in parameter estimation), allow re-
searchers to estimate the sample size required to obtain
a desired confidence interval width (Corty and Corty,
2011). The use of precision-based sample planning is
not restricted to an NHST framework, making it useful
in many more scenarios than traditional power analysis
(e.g., Bayesian statistics and equivalence testing). Fur-
ther, advancements in this area make use of procedures
such as sequential analysis to identify the optimal sam-
ple size using a given stopping rule (see Kelley et al.,
2018).

In order to demonstrate how precision-based sam-
ple planning may be used, we present an example of
precision-based sample planning for a two-sample t-
test. For all analyses, the procedure manipulates the



4

standard confidence interval formula to solve for sample
size. In this case, the approximate confidence interval
formula for a two-sample t-test is,

_ _ /1 1
Xl—Xziz'Sp Z-FE,

where s, is the pooled standard deviation, 2 approxi-
mates the two-tailed t critical value (e.g., 975, df = 40 =
2.02), and n; and ny represent the sample sizes in group
one and group two, respectively. Assume @ = .05 (for
a two-tailed test), a pooled standard deviation of 20,
and a desired 95% confidence interval with a width of
4 points on a given outcome measure. To simplify, also
assume that groups one and two are of equal size such
that the resulting confidence interval is,

_ _ 2
Xl—Xziz'Sp\/j,
n

where n = n; + ny. In order to determine the number
of individuals required per group, half of the confidence
interval width (for our example, the full width of 4 is
divided by 2) is inserted into the formula. At this point,
it is possible to get an estimate of the required sample

size per group:
2
2~2-20 \/j
n

12
20 Van
12
400~ n

n ~ 800 per group or 1600 total

As can be noted from the example, the two pieces of
information that the researcher specified in this scenario
(other than «) are the confidence interval width and
a measure of variability (in this case, pooled standard
deviation). A measure of variability may be obtained
from prior research and/or pilot studies, and, unlike the
MMES, will not fluctuate based on a given study’s aims.

To be clear, researchers conducting precision-based
power analysis are not required to select extremely nar-
row confidence intervals that would necessitate a very
large sample size. For example, in exploratory research,
it may not be necessary to measure effects with high
precision and therefore a wider interval would be ap-
propriate. In contrast, for more confirmatory studies,
higher precision (narrower intervals) may be desired,
which will then require comparably larger sample sizes.
This association is also reflected in equivalence testing
(and other measurement settings), where the narrower

the confidence interval, the more precise the measure-
ment of the effect of interest.

It has been recommended that precision-based ap-
proaches be used in tandem with traditional NHST
power analysis (Kelley et al., 2003). However, it is
unknown how often precision-based sample planning
is used in conjunction with, or instead of, traditional
power analysis. This question will be addressed empiri-
cally in this paper.

Issue 3: Maximum Sample Size Feasible

We contend that using the MSSF, by explicitly outlin-
ing how a sample was chosen and what considerations
were taken, is a sample planning strategy in and of it-
self. Obtaining the MSSF is quite different than obtain-
ing the maximum sample size possible. In the former
scenario, factors such as cost (e.g., volunteer, paid or
course credit), accessibility (e.g., easy to access vs. rare
population), and risk (e.g., minimal or more than mini-
mal) are all thoroughly considered and described when
estimating the sample size required for a given study.
In contrast, in the latter scenario, participants could po-
tentially be recruited with no concrete stopping point,
without regard to cost, accessibility, or risk; this would
qualify as irresponsible research practices. To summa-
rize, even though it may be possible to select an impres-
sive number of participants/units, it is important to con-
sider feasibility factors when deciding on a final sample
size.

For researchers that work with difficult to access pop-
ulations, such as those studying giftedness or the phys-
iology of individuals with rare disorders, small sample
size is assumed to be “the rule rather than the excep-
tion” (Rost, 1991, p. 236). Often, this means that any
NHST-based power analysis that a researcher conducts
will result in an unattainable reference point for the
number of participants required (unless the MMES is ex-
ceptionally large). As the most straightforward method
of increasing power is simply to increase one’s sam-
ple size, obtaining the MSSF within the context of the
study is a useful way to approach participant recruit-
ment planning.

To expand on the point made in the previous para-
graph, a researcher working within a small population
may actually be compelled to avoid running their study
altogether for fear of being underpowered. Accordingly,
a potential counter-argument against using the MSSF is
that when there is a very limited pool of participants it
might not be valuable to conduct the study at all. How-
ever, if a researcher has done all that they can to feasi-
bly obtain the most participants practical, we argue that
(with feasibility constraints clearly outlined in the sam-
ple planning section) their findings are still valuable (as-



suming other aspects of the research are satisfactory).
This is especially true now that replication and meta-
analyses are routinely conducted within the discipline.

In other words, we contend that it is much better
to conduct valuable research with a small MSSF than
to abandon the research altogether because of a small
sample. Necessitating researchers to consistently have
large sample sizes can cause either an abandonment
of the study or downgrades in study quality; both of
these consequences can lead to less original research
and study design (e.g., changing features of a study to
facilitate switching from in-person to online participant
platforms for greater recruitment). Indeed, many have
noted the importance of multi-site studies and meta-
analyses, as opposed to simply relying upon a large sam-
ple size within a single study (e.g., Schauer and Hedges,
2020; Kelley and Rausch, 2006). Accordingly, instead of
fixating on whether a single study has sufficient power
to detect an MMES, explicitly defining what concerns
came into sample planning decisions may allow for re-
search to be integrated more efficiently into the litera-
ture.

Obtaining the MSSF also aligns with the notion that,
when done correctly, power analyses really only allow
researchers the opportunity to estimate, rather than cal-
culate, a sample size for their study (Batterham and
Atkinson, 2005). In actuality, the estimate may only
serve to provide researchers with a reference point for
whether their study will require, “tens, hundreds, or
thousands of participants” (Williamson et al., 2000,
p.10). Accordingly, as NHST-based power analysis is
a procedure that estimates, rather than calculates, the
sample size required, calls for power analysis to be the
sole decision-maker for determining the precise sample
size necessary (e.g., to avoid subjecting participants to
protocols that may be higher risk) are unfounded.

There is another argument in support of the MSSF
that looks at the problem from a different angle; if a re-
searcher is feasibly and practically able to obtain more
participants than the estimated sample size from a tra-
ditional power analysis, there is little reason to termi-
nate enrolment at the power analysis estimate. Specifi-
cally, recruiting more participants beyond the estimated
value would give a study greater likelihood to detect an
existing effect and, even more important, greater pre-
cision (Tanaka, 1987). Specifically, larger sample sizes
lead to a greater non-centrality parameter between the
null and alternate distributions, while also minimizing
the variability in each distribution (Kelley and Maxwell,
2012). Both of these features allow for the difference
between null and alternative distributions to be ampli-
fied, leading to a higher likelihood of detecting a true
effect (Kelley and Maxwell, 2012). Accordingly, re-

searchers that terminate recruitment after reaching the
sample size suggested from an a priori power analysis
estimate (i.e., ignoring the MSSF) may lose the bene-
fits that come from utilizing a larger sample if a greater
sample can be feasibly and responsibly obtained. It is
worth investigating, therefore, how often researchers
use power analysis in conjunction with the strategy of
obtaining the largest number of participants practical
for the given study.

The Present Study: Power Analysis from Intention to
Use

The present study aimed to explore the state of these
three issues within the reporting of power analyses,
by reviewing recently published articles in high impact
peer-reviewed Psychology journals. First, we investi-
gated the proportion of researchers that used power
analyses as an a priori sample size planning tool, com-
pared to alternative uses of the method, such as sensitiv-
ity and post-hoc power analyses. Second, we recorded
how often the MMES, as recommended, was used as
the effect size in the power analysis. Third, we looked
for instances of researchers using precision-based sam-
ple planning to plan for the width of a confidence inter-
val around an effect size, rather than planning for the
presence of the effect itself. Finally, we looked at how
often researchers stated they used the MSSF to select an
appropriate sample size.

It is important to highlight the relationship between
the theoretical discussion above and the empirical in-
vestigation of the reporting practices in power analy-
sis/sample size planning. Although the theoretical is-
sues associated with traditional power analysis/sample
size planning methods that we discussed above alone
render these practices a mess, and hence lead to the
conclusion that these practices should be abandoned,
the suggestion that researchers should abandon these
traditional methods is indefensible if the power analy-
ses conducted by Psychology researchers do not suffer
from the issues raised above. For example, maybe we
are wrong or outdated and in practice researchers have
no issue selecting an appropriate MMES. Or, maybe
researchers are frequently conducting precision-based
sample planning. Further, maybe researchers typically
ignore the recommendation to conduct a traditional
power analysis and conduct the research with the MSSF.
If the theoretical issues we highlight in the sections
above do not actually exist in practice, then there is no
need to modify recommendations regarding best prac-
tices for determining appropriate sample sizes for re-
search (since researchers are already abiding by best
practices). We know of no other study that has explored
the reporting of power/sample size planning analyses



within Psychology.

Method
Journal Articles

Journal articles published in 2016 and 2017 from 12
high impact Psychology journals were chosen for this
analysis. We sampled journals from primary research
areas within Psychology which had an impact factor
greater than 1.80, based on the Journal Citation Reports
(Clarivate Analytics, 2018). The journals and their im-
pact factors are presented in Table 1.

The search was completed in May 2018. Articles from
these journals that employed a power analysis were
located by entering search terms into Google Scholar.
Specifically, articles containing either the term “power
analysis” or “power analyses”, that were published in
the desired years and journals, were identified via a
Google Scholar advanced search. From this initial col-
lection, articles that did not conduct any type of power
analysis were excluded. Two reviewers, working inde-
pendently, found that from the 3,524 articles published
in 2016-2017 within the selected journals, there were
623 articles that met our search criteria. After the re-
viewers removed articles that did not conduct a power
analysis, 443 articles remained for review. The number
of articles from each journal is presented in Table 1.

Measures

Each power analysis reported in an article was coded
based on the research questions. Coding information
thus addressed: (a) the type of power analysis con-
ducted, (b) the reporting of the MMES, (c) the instances
of precision-based sample planning, and (d) the collec-
tion of participants based upon the MSSF. In addition to
these primary variables, we also collected supplemen-
tary information including psychological subfield (to al-
low for comparisons in reporting), frequency and mag-
nitude of reporting of @ and power levels, and the spe-
cific software used for conducting the power analyses.

Type of Power Analysis Conducted

To determine the relative frequency of the different
forms of power analysis, we coded: (1) the type of
power analysis reported (a priori, sensitivity, or post
hoc); and, if the power analysis was a sensitivity anal-
ysis, (2) the outcome of interest (effect size or power
level).

The Reporting of the MMES

To answer questions surrounding the use of an MMES
in power analysis reporting in cases where the effect

size is an input parameter (i.e., for a priori power anal-
yses and sensitivity analyses with the power as the
outcome), the following pieces of information were
recorded:

1. Is any effect size reported within the power anal-
ysis?

2. Is any justification given for the effect size re-
ported within the power analysis?

3. What is the justification presented for the effect
size chosen (prior research, average effect size in
sub-field, MMES)?

4. What was the scale and magnitude of the effect
size adopted?

Precision-Based Sample Planning Use

To assess how often precision-based sample planning
is conducted relative to traditional NHST a priori anal-
yses, the instances of precision-based sample planning
within the articles were recorded.

Meeting Sample Size Targets

For traditional NHST a priori power analyses, we
assessed whether researchers met their estimated re-
quired sample size, by coding: (1) whether the re-
searchers reported the estimated participants required
from their analysis, (2) whether researchers used the
MSSF, (3) how closely the number of participants en-
rolled in the study met the number of participants sug-
gested by the power analysis, and (4) whether the re-
searchers met this target after any exclusionary criteria
and/or outlier removal.

If there was more than one power analysis within
an article, only the first power analysis was coded to
eliminate any nonindependence issues. Further, if there
were multiple power conditions included within a sin-
gle power analysis, only the first power condition was
recorded. For example, if an article stated that a calcu-
lated sample size had 90% power to detect a Cohen’s d
of 0.90 and 80% power to detect a Cohen’s d of 0.65,
only the former power condition was recorded.

Procedure

After gathering the set of relevant articles, two coders
read through these articles and coded the reported

INote that we deviated from our original preregistration
where we indicated that we would aim to collect data from 20
journals; we were able to obtain a sufficient sample of power
analyses from only 12 journals.



Table 1

List of High Impact Peer-Reviewed Psychology Journals

Number of Journal

Impact Factor

Articles (2017)
8 Journal of Child Psychology and Psychiatry 6.486
56 Psychological Science 6.128
40 Journal of Personality and Social Psychology 5.733
10 Journal of Applied Psychology 4.643
9 Journal of Abnormal Psychology 4.642
39 Journal of Consulting and Clinical Psychology 4.537
131 Journal of Experimental Psychology 4.107
45 Computers in Human Behavior 3.536
4 Journal of Cognitive Neuroscience 3.468
19 Biological Psychology 2.891
64 Personality and Social Psychology Bulletin 2.498
18 Motivation and Emotion 1.837

power analyses. Initially, the two coders practiced cod-
ing a subset of the articles to ensure consistency be-
tween coders for each classification. In this initial stage,
when coders found inconsistencies in their recording,
the coders discussed the discrepancies and mutually
agreed upon the best categorization. After this train-
ing stage, the two coders reached 96.78% agreement
on a subset of 9 articles (based on the cells from the
coding spreadsheet containing the same information).
After the training stage, the coders worked indepen-
dently. When classification questions arose during the
coding process, they would be discussed by the coders
until there was a mutually agreed solution on how best
to categorize the results.

Results

The results below are presented either as frequen-
cies and proportions or using histograms. As dis-
cussed above, in addition to the reported results, there
were also tangential questions that were addressed and
are reported in the supplementary information. These
questions and analyses, along with the coding sheet,
PRISMA checklist for the study, R files, and dataset (for
all primary and secondary variables) can be found at
https://osf.io/5jy9h. The preregistration of the study
(conducted through the Open Science Framework) can
be found at https://osf.io/tzhd].

Type of Traditional NHST Power Analysis Conducted

Of the 443 power analyses conducted, 295 (66.59%)
were a priori power analyses, 39 (8.80%) were post
hoc power analyses, and 109 (24.60%) were sensitivity-

based power analyses. The majority of sensitivity analy-
ses had power, rather than effect size, as the outcome of
interest. Specifically, within the sensitivity analyses, 81
(74.31%) had power as the outcome and 28 (25.69%)
had effect size as the outcome.

The Reporting of the MMES

Out of the 376 a priori and sensitivity analyses
with the power as the outcome recorded, 269 analy-
ses (71.54%) included the utilized effect size within the
power analysis reporting. Further, from the 376 power
analyses, 168 (44.80%) provided some justification for
the effect size chosen (of the 269 analyses that did re-
port an effect size, 132 [49.07%] justified the effect size
reported). It is worth noting, given the numbers above,
that a small subset of the articles would provide justifi-
cations for the effect size selected while failing to state
the effect magnitude itself.

Table 2 lists the justifications presented for the se-
lection of the effect size chosen for the power analysis.
Only two power analyses out of the 376 power analy-
ses used the MMES as a justification for an effect’s se-
lection! Prior research (including prior meta-analyses)
was the most common justification presented (n = 135,
35.90%) within the power analyses. Less frequently re-
ported justifications included prior power analyses and
pilot studies. Lastly, the justifications contained in the
“Other” category of Table 2 included the average effect
size in research, Cohen’s small effect, the result of a sim-
ulation study, or a smallest expected difference between
conditions.

Figures 1, 2, and 3 provide the frequencies of the
three most common effect sizes used in traditional
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Table 2

Justifications for the Effect Sizes Selected within Power Analyses for A Priori Power Analyses and the Sensitivity Analyses

with Power as the Outcome

Justification Raw Count Percentage
Not included 208 55.20%
Included 168 44.80%
MMES 2 0.005%
Prior Research 135 34.67%
Pilot Study 18 4.80%
Prior Power-Analysis 1 0.003%
Other 12 3.20%
Total 376 100%

NHST a priori and sensitivity analyses with power as
the outcome (Cohen’s d, Pearson’s p and Cohen’s f).
Cohen’s d was, by far, the most commonly used effect
size for power analyses, appearing in 102 of 269 anal-
yses that reported any effect size (37.92%), compared
to Cohen’s f and Pearson’s p which were recorded 52
times (19.33%) and 34 times (12.64%), respectively.
The most frequently utilized effect size for Cohen’s d
was 0.50. Most commonly used Pearson’s p values were
around .20 and .30. Finally, the most common Cohen’s
f value reported was .25. Interestingly, most of these
values fall at or near the cutoff for a medium effect size
according to Cohen (1988). Other reported effect sizes
included 7* and R?>. A notable proportion of analyses
would also report effect sizes without a unit (e.g., sim-
ply stating “a medium effect” or .50).

Instances of Precision-Based Sample Planning

Out of the 443 recorded power analyses, only one
analysis (less than 1%) was precision-based.

Meeting Sample Size Targets
Recording the Number of Participants Required

For the 295 a priori power analyses, the number of
participants required was reported in 90.20% of cases
(266 analyses), with 257 (87.12%) requiring a total
sample size of 500 participants or less. The range for
the required total sample size was between 5 and 2600,
with the median total sample size required being 84.
The distribution of estimated total sample sizes required
is presented in Figure 4. The left graph presents the
distribution of participants required for all power anal-
yses recorded. In order to present a magnified view of
the majority of the distribution, the right graph is a his-
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Figure 1

Reported Cohen’s d Effect Sizes for A Priori Power Analyses
and Sensitivity Analyses with Power as Outcome.

togram of participants required for power analyses that
reported requiring a sample of 500 or less.

To assess how frequently researchers were able to ob-
tain a sample size near the power analysis reference
point, we adopted an estimation-based approach and
recorded the proportion of instances where studies were
able to obtain at least 90% of the sample size required
during enrolment and analysis (the choice of 90% was
made in order to avoid penalizing power analyses that
were still within a reasonable range of the required sam-
ple size). Most power analyses met their sample size
targets. Only 11 studies obtained a sample size that
was less than 90% of the sample size required at the en-
rolment stage (before exclusionary criteria and outlier
removal). However, 29 analyses did not provide enough
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Reported Pearson’s p Effect Sizes for A Priori Power Anal-
yses and Sensitivity Analyses with Power as Outcome.
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Figure 3

Reported Cohen’s f Effect Sizes for A Priori Power Analyses
and Sensitivity Analyses with Power as Outcome.
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Figure 4

Number of Participants that are Estimated as an Outcome
in A Priori Power Analyses. Note that N = 266 for left
histogram and N = 257 for right histogram.

information to assess how or whether they met sample
size targets. At the analysis stage (after exclusionary
criteria and outlier removal), out of 295 a priori power
analyses, 17 additional studies (28 total) were not able
to obtain 90% of the sample size required. One hundred
sixty-four studies (55.59%) reported having more par-
ticipants than required for their power analysis. Further,
11 studies (3.73%) discussed the MSSF by describing
their feasibility restrictions in participant recruitment in
some way.

Discussion

Statistical power analysis is a heavily-relied upon
sample planning tool, traditionally used by researchers
to estimate how many participants are required to de-
tect an MMES, at a given level of power and «. In this
study, we have outlined three prominent issues with tra-
ditional power analysis. First, the specification of the
MMES in power analysis is difficult to quantify in ad-
vance but necessary in order to conduct the procedure
properly. Second, traditional power analysis does not
consider confidence intervals or precision at the outset
of a study like approaches such as AIPE. Finally, tradi-
tional power analysis does not explicitly require obtain-
ing as many participants as feasibly possible, which is
a practical sample planning strategy in its own right.
Although these three issues provide evidence that tradi-
tional power analysis may not be a reasonable sample
planning strategy, before this study it was unclear how
these issues were reflected in reporting practices. More
precisely, power analysis could be a valuable tool if re-
searchers were consistently selecting the MMES as the
effect size, conducting precision-based sample planning
in conjunction with traditional power analyses, or se-
lecting the MSSF.

To investigate whether these theoretical issues were
reflected in practice we conducted a review of power
analysis reporting in high impact Psychology journals.
Generally, our findings show that researchers have diffi-
culty reporting and providing a rationale for their power
analyses. Accordingly, it may be worth modifying rec-
ommendations regarding best practices for sample plan-
ning.

Although the majority of traditional NHST power
analyses recorded were a priori power analyses, a no-
table portion still analyzed power after the fact, and a
large number of studies conducted sensitivity analyses
with pre-existing data sets. Therefore, although tradi-
tional NHST power analyses were mainly presented as
a sample planning tool, different variations of the same
procedure were used to analyze the existing power to
detect an effect, to find the smallest effect one may de-
tect in a given sample, and finally to calculate how much
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power one had to detect an observed effect. These vari-
ations from a priori power analysis suggest that the pro-
cedure is being implemented in different time points of
research and with goals beyond sample planning. It is
worth reiterating that all variations of this procedure
are still impacted by the same types of problems as tra-
ditional NHST a priori power analysis.

The MMES unfortunately was almost never recorded
as a rationale for an effect size used within a power
analysis. Without choosing the effect size in this way, a
researcher risks wasting resources (if the chosen effect
size is less than the MMES) or having reduced power for
detecting the MMES (if the chosen effect size is larger
than the MMES) (Lipsey, 1990). Our findings suggest
that rather than being used to detect an MMES, con-
temporary power analyses largely aim to detect effects
found in prior research, which are known to fluctuate
in magnitude just as much as p-values (Gelman, 2019).
This finding is consistent with other research that has
found that effect sizes for power analyses have been
largely based on Cohen’s d cut-offs, prior literature or a
prior study (Bakker et al., 2020). Accordingly, selecting
an effect size in this way severely limits the value/ap-
plicability of the sample sizes determined via such a
procedure. Although the difficulty of choosing an ap-
propriate MMES cannot be overstated, quantifying an
MMES is necessary for properly conducting all NHST-
based power analyses.

Precision-based approaches were almost never used
as a method of sample planning within the power anal-
yses surveyed. Our results suggest that precision-based
approaches are not common sample planning tools in
Psychology. One of the advantages of a precision-based
approach is a focus on confidence intervals, which allow
researchers to move beyond the dichotomous thinking
of whether or not an effect exists (that is often associ-
ated with interpreting p-values alone), and begin to an-
swer questions related to the magnitude of effects, such
as how much an intervention has caused a variable to
change (Cumming, 2014). However, even for precision-
based sample planning, there are many instances in
which an effect must be specified to estimate the re-
quired sample size, even for designs such as bivariate
correlations and chi-square contingency table tests (see
Corty and Corty, 2011, for examples). As analyses grow
more complicated (e.g., moving from t-tests to linear
regression), the number of pieces of information that
are required to estimate the sample size grows. This
unfortunately leads to the same difficulty as traditional
NHST power analysis and may result in the guessing of
a number of parameters.

When recruiting participants, researchers appeared
to use the sample size estimate determined by a power

analysis as a specific requirement, rather than as a guide
regarding what approximate sample size might be nec-
essary to detect an MMES. This can be evidenced by
the fact that less than 5% reported using the MSSF by
mentioning feasibility constraints. Further, the median
absolute difference between the number of participants
obtained for the study and the number of participants
suggested by the power analysis was only 8. Taken to-
gether, these findings imply that either: (a) researchers
responsibly (and very accurately) obtain the sample size
suggested by the power analysis, (b) researchers may
be manipulating the parameters of their power analy-
sis to match their already obtained sample size or to a
sample size they can feasibly obtain, or (¢) commonly
used power analysis parameters in the field of Psychol-
ogy ensure that the sample size required can easily be
recruited. The results found in our review may have
resulted from a combination of these factors.

Limitations

There are some limitations of this study. First, we
focused our review on 12 high-impact Psychology jour-
nals, focusing on the years 2016 and 2017. Our results
may not extend to articles published in other journals
or years. Further, although we tested different vari-
ations to ensure our search criteria could capture as
many power analyses as possible (e.g., using the search
terms separately versus together), it may have missed
analyses within articles that did not match our search
terminology. In other words, our recording of power
analyses relied quite heavily upon the precise wording
used to describe these sorts of analyses within each ar-
ticle.

Precision-based approaches may have also been
under-represented within our review, because the termi-
nology for these types of analyses may not be reflected
by our search criteria. However, it is worth noting that
we conducted a post hoc search of precision-based ter-
minology on Google Scholar and were not been able to
locate any extensive evidence of its use in Psychology in
2016 or 2017. Specifically, searching "precision based
sample size calculation", “precision-based power analy-
sis”, “AIPE”, or "precision based sample calculation” in
Google Scholar for 2016 and 2017 produced no further
empirical articles from psychological journals that con-
duct precision-based sample planning.

Recommendations

Our review supports the notion that when using a
statistical tool that has many theoretical challenges re-
searchers inevitably run into difficulties implementing
the tool. These challenges in implementation often



make the power analysis procedure infeasible or render
its results misleading at best.

Although power analyses that are precision-oriented
are superior to traditional approaches of power analysis
because the focus is placed on estimation rather than
reject/not reject, they still require pre-specification of a
confidence interval width, an estimate of the population
variability, and often times the effect of interest itself.
Further, like traditional power analysis approaches with
a small MMES, high precision confidence intervals can
require large sample sizes which can be infeasible for
innovative research.

In contrast, the MSSF does not require the quantifi-
cation of specific parameters and considers feasibility
issues that affect sample size. We contend that many
researchers may already do this informally, where even
before sample planning begins they have an under-
standing of practical constraints on their sample size.
We believe that responsibly outlining how many and
how these feasibility concerns (e.g., access difficulties,
financial cost, and risk) came into play when deter-
mining a sample size may provide more information on
sample planning than a traditional NHST based power
analysis. We recommend that researchers adopt the
MSSF strategy and justify these constraints when de-
scribing how they selected their sample size. Although
there are power analysis procedures that explicitly fac-
tor the idea of “cost” (see Guo and Luh, 2009), they are
all nested within traditional NHST-based power analy-
sis (and therefore face the same challenges). To con-
clude, our study highlights the multi-faceted mess that
is traditional NHST-based power analysis. Some read-
ers of this paper might conclude that it is necessary to
accurately specify the MMES or more thoroughly out-
line their own traditional NHST-based power analysis in
their paper. However, as the field of Psychology moves
toward estimation as the primary goal, we argue that
researchers should move away from exclusively focus-
ing on the dichotomous detection of a single effect, and
instead focus on replication and meta-analysis. More
specifically, because it does not have a unique focus on
statistical power in NHST, and it does not require guess-
ing many difficult parameters, we argue that obtaining
the maximum sample size feasible is a better approach
to sample planning than traditional power analysis. In
this way, through replication via multi-site studies and
meta-analyses of existing literature, we can shift the fo-
cus from the statistical power of a single study to a cu-
mulative literature of many findings.
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