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Failures of self-control are thought to underlie various important behaviors (e.g., addiction, violence,
obesity, poor academic achievement). The modern conceptualization of self-control failure has been
heavily influenced by the idea that self-control functions as if it relied upon a limited physiological or
cognitive resource. This view of self-control has inspired hundreds of experiments designed to test the
prediction that acts of self-control are more likely to fail when they follow previous acts of self-control
(the depletion effect). Here, we evaluated the empirical evidence for this effect with a series of focused,
meta-analytic tests that address the limitations in prior appraisals of the evidence. We find very little
evidence that the depletion effect is a real phenomenon, at least when assessed with the methods most
frequently used in the laboratory. Our results strongly challenge the idea that self-control functions as if
it relies on a limited psychological or physical resource.
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From subcellular processes to trophic interactions, every adap-
tive biological process depends on the management of energy. The
limited strength model of self-control (Baumeister, Bratslavsky,
Muraven, & Tice, 1998) is a scientifically and popularly acclaimed
application of this truth to the study of brain and behavior. The
primary assumption of the limited strength model is that self-
control (the process by which responses to thoughts and emotions
are directed to serve higher order goals) relies on a limited phys-
iological or cognitive resource, and thus, fails as the resource is
depleted. This assumption leads to the prediction that acts of
self-control following previous acts of self-control will be less
successful (the depletion effect; Baumeister et al., 1998). Scien-
tists” interest in the depletion effect has resulted in over 200
published experiments (Hagger, Wood, Stiff, & Chatzisarantis,
2010), many of which appear to support the conclusion that be-

Evan C. Carter, Department of Psychology, University of Miami and
Department of Ecology, Evolution and Behavior, University of Minnesota;
Lilly M. Kofler, Department of Psychology, University of Miami and
Division of the Social Sciences, University of Chicago; Daniel E. Forster
and Michael E. McCullough, Department of Psychology, University of
Miami.

This work was funded by a grant from the John Templeton Foundation
and from a fellowship awarded to Evan C. Carter by the National Science
Foundation.

Correspondence concerning this article should be addressed to Evan C.
Carter, Department of Psychology, University of Miami, 5665 Ponce De
Leon Boulevard, Coral Gables, FLL 33124-0751. E-mail: evan.c.carter@
gmail.com

haviors like racism (Muraven, 2008), violence (Stucke &
Baumeister, 2000), risk taking (Freeman & Muraven, 2010), and
addiction (Christiansen, Cole, & Field, 2012), are caused by de-
pleted self-control.

Based on a 2010 meta-analysis of 198 published experiments,
Hagger, Wood, Stiff, and Chatzisarantis (2010) concluded that the
depletion effect is real, robust to experimental context, and, in
terms of a standardized mean difference (i.e., Cohen’s d), of
medium-to-large magnitude: d = 0.62 (95% CI [0.57, 0.67]). Here,
we present a series of meta-analyses that (a) test the depletion
effect with data from both published and unpublished experiments,
(b) are based on improved inclusion criteria, and (c) employ
cutting-edge statistical techniques. Our results revealed signals of
small-study effects (when larger samples produce smaller effect
size estimates; Egger, Davey Smith, Schneider, & Minder, 1997),
which can indicate a distortion of meta-analytic estimates due to
publication bias (when counterfactual, statistically nonsignificant
results are less likely to be included in a meta-analysis; Franco,
Malhotra, & Simonovits, 2014). After accounting for small-study
effects, we found only scant evidence that the depletion effect is
distinguishable from zero.

Therefore, despite hundreds of apparently supportive tests, the
available meta-analytic evidence does not allow one to conclude
that the depletion effect—as commonly operationalized—is a real
behavioral phenomenon.

Concerns About the Appropriateness of Previous
Meta-Analytic Efforts

To test the depletion effect, researchers typically use the sequen-
tial task paradigm (Baumeister et al., 1998), during which partic-
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ipants complete at least two tasks that are thought to require
self-control. We refer to these two tasks as the manipulation task
and the outcome task, respectively. Participants in the experimen-
tal condition complete a version of the manipulation task that
ostensibly requires more self-control relative to the version com-
pleted by control participants. Following the manipulation task and
any intermediate tasks (e.g., questionnaires), all participants com-
plete the outcome task. The depletion effect is quantified as the
mean difference in performance between the two groups on the
outcome task. Hagger et al. (2010) meta-analyzed 198 experiments
that used the sequential task paradigm; however, the goal of
meta-analysis is to provide inferences about the underlying ef-
fect(s) tested by the universe of experiments for which the meta-
analytic data set is an appropriate sample (Cooper, Hedges, &
Valentine, 2009), and we find four reasons for concern that Hagger
et al.’s (2010) meta-analytic sample is less-than-ideal for drawing
inferences about the depletion effect.

First, Hagger et al. (2010) included all experiments using the
sequential task paradigm, regardless of whether the manipulation
or outcome tasks could be considered valid operationalizations of
self-control. The range of tasks that have been used in the sequen-
tial task paradigm either to manipulate or to measure self-control
is extremely broad—from throwing darts (Englert & Bertrams,
2012) to self-reported likelihood of cheating on a hypothetical
romantic partner (Gailliot & Baumeister, 2007)—and the validity
of such tasks as manipulations or measures of self-control is
generally unknown. To the extent that tasks do not measure or
manipulate self-control, experiments that use them cannot be said
to test the depletion effect.

Second, Hagger et al.’s (2010) inclusion criteria resulted in the
inclusion of experiments that used measures of self-control that
were so weakly linked to theory that, regardless of results, findings
could be interpreted as support for the depletion effect. In one
study, for example, higher donations to charity were treated as
evidence for depletion (Janssen, Fennis, Pruyn, & Vohs, 2008),
whereas in another, fewer hours volunteered to help a stranger in
need were treated as evidence for depletion (DeWall, Baumeister,
Gailliot, & Maner, 2008). When experiments use measures of
self-control that are divorced from theory to the extent that they do
not allow for the falsification of the depletion effect, they cannot
logically be considered tests of the depletion effect.

Third, Hagger et al. (2010) included what might be thought of as
“extension experiments’—experiments that began from the prem-
ise that the depletion effect was real and then sought to examine
the extent to which the depletion effect explained other phenomena
(e.g., anxiety about death; Gailliot, Schmeichel, & Baumeister,
2006). Extension experiments of this sort are, by definition, not
tests of the depletion effect.

Finally, Hagger et al. (2010) included only published experi-
ments, which means that, in the presence of publication bias, their
estimates are based on a particular form of unrepresentative sam-
pling that profoundly exaggerates the estimate of a conjectured
effect. Previously, we reanalyzed Hagger et al.’s (2010) data to
assess and correct for small-study effects (Carter & McCullough,
2013a; Carter & McCullough, 2014). We found compelling evi-
dence that small-study effects biased their results, that these small-
study effects were very likely due in part to publication bias, and
that the resulting bias was extreme enough that the appearance of
a robust, medium-to-large magnitude effect might have been spu-

rious. Hagger and Chatzisarantis (2014) have since independently
verified our statistical conclusions, although they disagreed with
our interpretation. For example, they remained skeptical that the
degree of publication bias operating on the literature is strong
enough to have inflated a truly null effect to the extent that they
originally reported (Hagger et al., 2010). We return to this issue in
the Discussion section.

The first three concerns listed above about the appropriateness
of the Hagger et al. (2010) data set for making inferences about the
depletion effect apply to any conclusions based on that data set, so
that it is entirely possible that our previous conclusion—that the
depletion effect has been severely overestimated due to small-
study effects (Carter & McCullough, 2014)—is also invalid. It
may be, for example, that small-study effects (e.g., publication
bias, the undisclosed use of researcher degrees of freedom) only
affected those experiments that did not truly manipulate and mea-
sure self-control, and therefore, our previous attempts at correcting
for such influences masked true evidence for the depletion effect.
Therefore, just as it is necessary to reassess Hagger et al.’s con-
clusion that the depletion effect is a real and robust phenomenon,
it is also necessary to reassess our conclusion that the apparent
effect simply reflects bias.

The Current Study

Given the concerns listed here, any conclusion based on the
Hagger et al.’s (2010) data set would likely be unconvincing to a
skeptical audience. Therefore, our goal for the current study was to
address these problems, and thereby provide the most appropriate
meta-analytic tests of the depletion effect possible. In other words,
one might usefully consider our approach to differ from that of
Hagger et al.’s (2010) in that it derives from a skeptical perspective
of the limited strength model. The benefit of such an approach is
that any inferences about the depletion effect (i.e., either that it is
real and robust or that it is merely a statistical artifact) ought to be
convincing, even to a skeptical audience.

To address the first three concerns described above, we included
here only experiments that involved both frequently used manip-
ulation tasks and frequently used outcome tasks (see Method
section). This approach follows the logic that researchers tend to
select tasks that seem to be the most valid operationalizations of
self-control and that provide the most interpretable results. Addi-
tionally, because extension experiments include tasks that allow
one to test whether the depletion effect applies to other constructs,
such as death-related anxiety, our approach excludes these exper-
iments. To minimize the fourth concern—overestimation of mean
effect sizes due to publication bias—we searched for, retrieved,
and included results from as many unpublished experiments as
possible. Moreover, we applied both classic and more recently
developed statistical techniques to assess and correct meta-analytic
estimates for the influence of small-study effects such as publica-
tion bias (Duval & Tweedie, 2000; loannidis & Trikalinos, 2007;
Stanley & Doucouliagos, 2014).

Rather than perform a single meta-analysis, we grouped effect
size estimates based on the outcome tasks from which they were
derived and performed a series of meta-analyses on these more
methodologically homogeneous data sets. This strategy limited the
methodological variability across the experiments being synthe-
sized, a factor that might contribute to statistical heterogeneity in
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meta-analysis (Cooper et al., 2009), and enabled us to avoid the
assumption that all outcome tasks are commensurate measures of
self-control (i.e., another means of addressing the first three con-
cerns described above).

Method

Inclusion Criteria

For inclusion in our analyses, an effect size had to have resulted
from a true experimental test with a behavioral outcome task. We
omitted tests of the depletion effect that were correlational or
quasi-experimental, as well as those that tested whether judgments,
ratings, or responses to hypothetical situations or requests were
affected by previous exertion of self-control. For experiments in
which an individual difference variable was thought to moderate
the depletion effect, only the main effect for the depletion manip-
ulation was included. For experiments that included an experimen-
tal manipulation as a moderator (e.g., administration of glucose to
half of the participants; DeWall et al., 2008), we followed Hagger
et al. (2010) in only including the effect size derived from the level
of the moderator not thought to attenuate the depletion effect. This
approach to moderation by individual differences and by experi-
mental manipulation was favored because our goal was to obtain
estimates of the depletion effect from samples that were most
comparable with the samples used in other experiments where no
moderator was considered. These inclusion criteria were set prior
to data collection and data analysis.

Additionally, only effect sizes derived from instances of the
sequential task paradigm in which both the manipulation task and
the outcome task were frequently used tasks were included. Fol-
lowing Hagger et al. (2010), we defined frequently used tasks as
those that have been used in at least 10 independent tests of the
depletion effect (the 10 instances must have been either all as a
manipulation or all as an outcome). This criterion was also chosen
based on sample size recommendations for the statistical tech-
niques we planned to apply (Sterne et al., 2011).

Data Collection

We conducted an exhaustive literature search using the follow-
ing strategies: Searching online databases (i.e., EBSCO, ISI Web
of Science, and Proquest), searching online lists of conference
abstracts (i.e., lists for annual conferences for the Association for
Psychological Science [APS] and the Society for Personality and
Social Psychology [SPSP]), personal communications with experts
in the field, and issuing several calls for unpublished data through
the listserv of the Society for Personality and Social Psychology
(SPSP). Overall, we individually contacted over 200 researchers
with requests for unpublished data. Additionally, all studies that
were included in Hagger et al. (2010) were examined for inclusion
here.

The following online databases were searched: ISI Web of Science,
EBSCO (including MEDLINE, PsycINFO, PsychARTICLES,
PsychEXTRAS, ERIC), and ProQuest (including American Periodi-
cals, Ethnic NewsWatch, FRANCIS, GenderWatch, PAIS, PILOTS,
ProQuest Dissertations & Theses: History, ProQuest Dissertations &
Theses: Social Sciences, ProQuest Research Library: Social Sciences,
ProQuest Social Science Journals, ProQuest Sociology, Social Ser-

vices Abstracts, Sociological Abstracts). Publication type was set to
articles, proceedings papers, reviews, and meeting abstracts for ISI
Web of Science; periodicals, reviews, reports, and dissertations for
EBSCO; and conference papers and proceedings, dissertations and
theses, reports, and scholarly journals for ProQuest. Each search was
limited to results in English that used human subjects and that were
dated from 1998 to 2012.

Exact search terms were as follows (an asterisk indicates a
truncated search word, which includes all versions of the word in
the search; e.g., “deplet™ includes the words deplete, depletion,
depleted, and depletes in the search): For ISI Web of Science, the
full search term was (“Self Regulat™ or “Self Control” or “Im-
pulse” or “Ego”) AND (“Resource” or “Deplet™ or “Perform™).
For EBSCO, the full search term was (“Self Regulat™ or “Self
Control” or “Impulse” or “Ego”) AND (“Resource” or “Deplet™
or “Perform™). And for ProQuest, the full search term was
EXACT (“Self Control” or “self regulat™’) OR (“impuls™ or “ego”)
AND (deplete” or resource™ or perform™) AND CAU(Baumeister R).
In the search term for ProQuest, the code CAU(Baumeister R)
specifies that the search only return hits that cite an author with
the last name Baumeister and first initial R. This option was
only available for ProQuest, but reduced the total returned hits
by several thousand.

Each search returned the following number of hits: 3,851 for
ISI Web of Science, 7,889 for EBSCO, and 853 for ProQuest.
These abstracts were then examined for general relevance. This
resulted in 177 abstracts for ISI Web of Science, 132 abstracts
for EBSCO, and 54 for ProQuest. With duplicates removed, this
resulted in a combined total of 269 abstracts for which obtained
full-text articles.! From these articles, there were 328 indepen-
dent experiments within 141 articles that made use of the
sequential task paradigm.

Conference programs for the annual meetings of Society for
Personality and Social Psychology (SPSP) and Association for
Psychological Science (APS) were obtained for each year between
2003 (the earliest available year) and 2011. Using the find func-
tion, the search term “deplet” returned 31 poster and symposium
presentation abstracts from the APS Convention Programs and 149
from the SPSP Meeting Programs. The authors for each of these
posters or presentations were sent an email request for information
about methods, statistics, and any other unpublished data.

In December 2012, a second wave of data collection was con-
ducted to keep the data set updated. This second wave was con-
ducted in exactly the same way as the first, except that databases
were searched from 2011 onward. From the online databases, each
search returned the following number of hits: 1,209 for ISI Web of
Science, 694 for EBSCO, and 72 for ProQuest. These abstracts
were then examined for general relevance. This resulted in 90

! Eighteen of the abstracts deemed irrelevant were done so during a
second phase of examination that was prompted by those abstracts being
both unavailable through the University’s holdings and unobtainable
through interlibrary loan. These abstracts were judged to very likely be
irrelevant or unnecessary (e.g., data that we had located in another form,
such as preliminary data that later led to a article that we had already
located). Unfortunately, we did not keep detailed records of these abstracts,
and so cannot report their exact nature or contact the original authors for
more information. In principle, it is possible that some of these abstracts
would have led to additional data; however, as mentioned, we judged this
to be very unlikely.

Fnl
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abstracts for ISI Web of Science, 87 abstracts for EBSCO, and 14
for ProQuest. Removing duplicates yielded a total of 138 abstracts.
From this list of abstracts, we obtained 133 full-text articles. From
these articles, there were 83 independent experiments within 47
articles that made use of the sequential task paradigm.

At this time, we also searched conference programs for the
annual meetings of Society for Personality and Social Psychol-
ogy (SPSP) and Association for Psychological Science (APS)
were searched for the years 2012-2013. Using the find function,
the search term “deplet” returned 16 poster and symposium
presentation abstracts from the APS Convention Programs and
54 from the SPSP Meeting Programs. The authors for each of
these posters or presentations were sent the same email request
for information.

In total, after adding experiments that were emailed to us to the
set of experiments located via searching online databases, our
search resulted in 620 individual instances of the sequential task
paradigm. Each of these was then grouped by the type of manip-
ulation task and the type of outcome task used. Following this
grouping procedure, the data set was organized by manipulation
task in ascending order of the number of times each task was used.
Ten categories of manipulation task emerged as frequently occur-
ring (i.e., appearing 10 or more times in the data set). These 10
categories comprised a total of 359 experiments. The 359 experi-
ments that used a frequently used manipulation task were then
organized by the type of outcome task used. The result was eight
classes of outcome tasks that included 10 or more experiments. In
total, our literature search produced 157 experiments that con-
tained both frequently used manipulation tasks and frequently used
outcome tasks. The categories of tasks are described in detail
below.

Of the 157 experiments, 41 were excluded for analyses for
one of three possible reasons: First, 15 experiments did not
contain enough information to code (all authors had been con-
tacted about the missing information, but at the time that
analyses were conducted, no reply had been received). Second,
19 experiments included experiment-level moderators that did
not have appropriate controls, and thus, no clear test of the
depletion effect was available. And third, in seven additional
experiments, the manipulation task was not used to manipulate use
of self-control, but rather, as a means of inducing ego depletion in
all the participants in the sample. Thus, the final sample was
composed of 116 independent instances of the sequential task
paradigm, two of which used both impossible anagrams and Stroop
as outcome tasks, and could therefore be broken down into two
dependent (i.e., derived from the same sample) effect sizes.

Compared with Hagger et al. (2010), our data collection efforts
occurred more recently, included unpublished experiments, and
used substantially different inclusion criteria. Therefore, it is un-
surprising that our sample overlapped minimally with the set of
experiments analyzed by Hagger et al. (2010): Only 28 of our 116
experiments (24.14%) were included in Hagger et al.’s (2010) data
set. Moreover, of our 116 experiments, 48 (41.38%) were unpub-
lished (in contrast to zero of the 198 in Hagger et al.’s (2010)
sample), and 59 (50.86%) yielded statistically nonsignificant ef-
fects, (in comparison with 47 of the 198, or 23.74%, in Hagger et
al.’s, 2010 data set).

Frequently Used Manipulation and Outcome Tasks

Manipulation tasks. The following 10 frequently used ma-
nipulation tasks were identified as described above (k is the num-
ber of effect sizes that made use of the corresponding manipulation
task). (a) Attention essay (k = 10): Participants are asked to write
about a topic (e.g., a recent vacation). Participants in the experi-
mental condition are told that they cannot use some set of com-
monly occurring letters, usually a and n, while writing. Partici-
pants in the control condition are told that they cannot use
uncommon letters, for example, ¢ and z. (b) Attention video (k =
19): Participants watch a silent video during which stimuli occa-
sionally appear. Participants in the control condition are given no
instructions other than to watch the video, whereas participants in
the experimental condition are told to ignore the stimuli when they
appear. The video is usually of a woman being interviewed while
words are displayed in the bottom right corner. (¢) Crossing out
letters (k = 20): Participants are given sheets of paper with printed
text. For the first page, participants are asked to cross out certain
letters following certain rules. On the following page, participants
in the experimental condition are given a different, more complex
set of rules. Participants in the control condition continue on with
the same rule. (d) Emotion video (k = 16): Participants are shown
an emotionally evocative video (e.g., a video of animals being
harmed). Participants in the experimental condition are given
instructions to regulate their emotions in some way (e.g., to either
suppress or exaggerate them), whereas participants in the control
condition are told to watch the video as they would any other
video. (e) Food temptation (k = 8): Participants in the experimen-
tal condition are told to resist the temptation to eat some type of
food, usually a dessert. For example, participants are shown a plate
of chocolates and a plate of radishes. Participants in the experi-
mental condition are told to only eat radishes and keep from eating
chocolates, whereas participants in the control condition are told to
eat chocolate. Participants are commonly told that they are taking
part in a taste test. (f) Math (k = 1): Participants in the experi-
mental condition are given more difficult math problems to com-
plete (e.g., 3-digit multiplication) than participants in the control
condition (e.g., single-digit addition). (g) Stroop (k = 9): Partici-
pants are shown color words (e.g., the word yellow) printed in
colored ink (e.g., blue) and told to name the color of the ink.
Generally, participants in the experimental condition are shown all
incongruent trials (i.e., when the color of the ink does not match
the color to which the word refers), whereas participants in the
control condition are shown all congruent trials. (h) Social exclu-
sion (k = 4): Participants are led to feel socially excluded. For
example, while completing an ostensible task as a group, partici-
pants in the exclusion condition are told that no other participants
wanted to work them. Participants in the control condition are
typically included. (i) Thought suppression (k = 17): Participants
are asked to refrain from thinking about a certain topic. The most
common version of this task is also known as “the white bear”
paradigm because participants in the experimental condition are
told that they can think about anything they want, except for a
white bear. In contrast, participants in the control condition are
told to think about whatever they want. (j) Transcription (k = 6):
Participants are given a sheet of text and told to transcribe it.
Participants in the experimental condition are told to transcribe the
text without using certain keys, such as the space bar. Participants
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in the control condition are not given any additional instructions.
(k) Working memory (k = 7): Participants in the experimental
condition perform a task that is high in working memory load (e.g.,
remembering information while performing another task), whereas
participants in the control condition perform a task that is rela-
tively low in working memory load. Note that five effect sizes
were derived from experiments in which participants completed
pairs of manipulation tasks from the above list (see Table 1).
Outcome tasks. The following eight frequently used outcome
tasks were identified. (a) Food consumed (k = 14): The amount of
food (e.g., ice cream) that participants consume in the laboratory is
measured. Higher amounts of food are thought to be indicative of
lower levels of self-control. (b) Hand grip (k = 13): Participants
hold the arms of a hand grip closed for as long as possible (or hold
a dynamometer at some percentage of their maximum grip
strength). The length of time that participants are able to persist at
this painful task is considered to indicate levels of self-control,
where shorter times mean lower levels of self-control. (¢) Impos-
sible anagrams (k = 20): Participants are given a set of anagrams
to solve, some of which are designed to be impossible to solve.
Persistence at this impossible task is thought to measure self-
control, with less time spent (or lower numbers of attempts)
indicating worse self-control. (d) Impossible puzzles (k = 16):
Participants are asked to solve puzzles (e.g., tracing geometric
shapes printed on paper without going back over previous lines).
Unbeknownst to participants, the puzzles are unsolvable. As with
impossible anagrams, persistence (either as time or as number of
attempts) at this impossible task is used to index self-control. (e)
Possible anagrams (k = 12): Participants are given a large set of
anagrams and told to solve as many as possible. Lower numbers of
solved anagrams are considered to be indicative of lower self-
control. (f) Standardized tests (k = 13): Participants are given
problems from some standardized test, typically the graduate re-
cord exam (GRE). The number of problems solved, the number of
problems attempted, and the proportion of problems correct out of
problems attempted are all used as indexes of self-control (with
worse performance being interpreted as lower self-control). (g)
Stroop (k = 14): As described above, participants must identify the
ink color of color words. Self-control is measured as the number of
correct trials, as well as reaction time (RT) on trials (with slower
RT meaning less self-control). (h) Working memory (k = 11):
Participants perform some tasks designed to measure working
memory. For example, the operation span task, in which partici-
pants must remember words or letters while solving simple math
problems. Worse working memory performance (as indicated in a
variety of ways, e.g., fewer words recalled overall) is thought to
indicate lower self-control. Note that two experiments used more
than one of the above outcome tasks and that these effect sizes
were calculated separately for the primary analyses (see Table 1).

Effect Size Coding

We quantified the depletion effect as bias-corrected standard-
ized group mean differences (i.e., Hedge’s g). A single effect size
estimate was taken from each of the 116 experiments that met our
inclusion criteria, except for two estimates each which were taken
from two experiments that included two frequently used outcome
tasks (see Table 1). Hedge’s g can be derived from any experiment
that provides information about samples sizes, means, and sample

standard deviations for the two groups. It is also possible to
calculate g from test statistics or p values when means and stan-
dard deviations are unavailable. We calculated g based on means
and standard deviations when they were available and from other
metrics when means and standard deviations were not available
(Cooper et al., 2009). When none of the necessary information was
available, we contacted the original authors. When authors report
only information from analyses that are more complex than simple
comparisons of means from two groups (i.e., paired-sample 7 tests,
repeated measures analysis of variance, and analysis of covari-
ance), additional information is needed to calculate g, such as the
correlation between pre- and posttest scores or the correlation
between the outcome and the covariate. When this information was
available, g was calculated, and when it was not, the authors were
contacted or, in some cases, an estimate was made (e.g., if a
replication was available in which the necessary information was
given, that information was used to estimate the missing informa-
tion in the experiment for which it was missing).

In the case where authors only reported the overall sample size,
it was assumed that sample sizes were equal across groups (if the
total sample size was odd, the remainder was placed in the exper-
imental group).

If multiple effect size estimates were available from one out-
come measure, a composite of the estimates was calculated. For
example, there is no a priori reason to prefer RT to accuracy for the
Stroop task as a measure of self-control, and because both mea-
sures should reflect depletion, an aggregate of the two was com-
puted using the method described by Gleser and Olkin (1994). This
method assumes that the two outcomes are correlated at the level
of r = .50 by default. When the true correlation between the
multiple outcomes was not available, the default was used; how-
ever, if analogous experiments contained information about the
correlation of interest, these values were used instead.

All procedures for coding effect sizes were set prior to data
analysis.

Coding Experiment Attributes

Each experiment was coded for the following attributes, and in
the case of significant statistical heterogeneity, these codes were
used as meta-analytic moderators (see below): (a) publication
status, (b) source laboratory, (c) the number of manipulation tasks,
and (d) the number of outcome tasks. For publication status,
experiments that were published in peer-reviewed journals, in
press, under review, or being sent in for review were coded as one,
whereas all other experiments were coded as zero. For source
laboratory, experiments were coded as one if one of the authors
was associated with the Baumeister and Tice laboratory at Florida
State University or a laboratory of a student from the Baumeister
and Tice laboratory (this procedure was adopted from Hagger et
al., 2010): If any of the authors, or a committee member on a
dissertation or master’s thesis, was Roy Baumeister, Diane Tice,
Kathleen Vohs, C. Nathan DeWall, Mark Muraven, Brandon
Schmeichel, or Matthew Gailliot, the experiment was coded as 1,
whereas all other experiments were coded as 0. For the number of
tasks used in an experiment, if more than one manipulation or
outcome task was used, the experiment was coded as a 1; other-
wise, it was coded as 0.
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Table 1

Coded Characteristics of Experiments Across Data Sets

Outcome Author(s) Exp Yr v Mult. IV Mult. DV Pub Lab g v nl, n2

Food consumed BaumeisterD 2 2005 SE 0 0 1 1 0.88 0.12 19, 19
ChristiansenC 0 2012 EV 0 0 1 0 0.66 0.05 40, 40
DewitteB 2a 2009 FT 0 0 1 0 —0.54 0.06 35, 41
DingemansM 0 2009 EV 0 0 1 0 —0.02 0.06 33,33
FrieseH 2 2008 EV 0 0 1 0 0.34 0.06 33,33
FrieseH 3 2008 EV 0 0 1 0 0.3 0.09 25,21
HofmannR 0 2007 EV 0 0 1 0 —0.11 0.08 26, 24
ImhoffS 1 2013 S 0 0 1 0 0.69 0.03 69, 68
LattimoreM 0 2004 S 0 0 1 0 —0.54 0.07 29, 30
MuravenC 0 2002 TS 0 0 1 1 0.42 0.07 29, 29
OatenW 1 2008 SE 0 0 1 0 2.66 0.09 37, 36
StillmanT 3 2009 AV 0 0 1 1 0.09 0.06 33,33
VohsB 5 2013 AE 0 1 1 1 0.72 0.13 15, 15
VohsH 3 2000 EV 0 0 1 1 0.73 0.11 18, 18

Hand grip BrayM 0 2008 S 0 0 1 0 0.46 0.08 26, 23
BrayM 0 2011 S 0 0 1 0 0.18 0.07 33,28
EganH 2 2012 CL 0 0 1 0 1.18 0.12 21, 20
Litvin 0 2012 TS 0 0 1 0 0.16 0.03 54, 108
MartijnT 1 2002 EV 0 0 1 0 0.7 0.12 17, 16
MoldenD 2 2012 CL 0 0 1 0 1.05 0.19 11, 11
MuravenT 1 1998 EV 0 0 1 1 0.67 0.08 40, 20
MurtaghT 1 2004 S 0 0 1 0 0.07 0.06 42,27
Neale-Lorello 1 2009 CL 0 0 0 0 0.22 0.07 30, 29
SeeleyG 1 2003 TS 0 0 1 0 0.31 0.06 37, 36
SeeleyG 2 2003 TS 0 0 1 0 0.79 0.08 28, 27
TylerB 2 2009 CL 0 0 1 0 1.17 0.08 30, 30
TylerB 3 2009 TS 0 0 1 0 1.12 0.12 20, 20

Impossible anagrams BarberR 1 2011 EV 0 1 0 0 0.32 0.11 18, 18
BarberR 2 2011 AE 0 0 0 0 —0.01 0.06 24,24
BarberR 3 2011 AE 0 0 0 0 0.14 0.06 24,24
DarowskiH 2 2010 M 0 0 0 0 0.53 0.10 16, 13
DvorakS 0 2009 EV 0 0 1 0 0.88 0.02 90, 90
EganH 1 2012 TS 0 0 1 0 0.72 0.12 17, 16
Gohar 2 2011 T 0 0 0 0 0.16 0.13 14, 14
Gohar 3 2011 T 0 0 0 0 0.79 0.15 16, 12
Holmqvist 1 2008 AV 0 0 0 0 —0.02 0.05 33,29
Holmqvist 2 2008 WM/AV 1 0 0 0 0.1 0.05 51,15
Holmqvist 3 2008 WM/AV 1 0 0 0 —0.13 0.03 74, 27
MuravenS 4 2005 T 0 1 1 1 0.95 0.08 57, 19
MuravenT 2 1998 TS 0 0 1 1 0.92 0.1 17, 34
Myers 2 2010 AV 0 0 0 0 0 0.09 25,21
Ruci 2 2003 S 0 1 0 0 0.58 0.06 30, 37
ScherschelM 1 2011 AE 0 0 0 0 0.41 0.06 35,33
ScherschelM 2 2011 T 0 0 0 0 0.25 0.07 24, 31
SegerstromN 0 2007 FT 0 0 1 0 0.22 0.05 41, 42
Smith 1 2002 TS 0 0 0 1 1.77 0.19 14, 14
Smith pl 2002 TS 0 0 0 1 1.47 0.22 10, 12
Wan 6 2007 TS 0 0 0 0 1.25 0.17 14, 13

Impossible puzzles BaumeisterB 1 1998 FT 0 0 1 1 1.31 0.05 25, 44
BaumeisterD 3 2005 SE 0 0 1 1 1.25 0.22 10, 10
GeeraertC 1 2013 TS/FT 1 0 0 0 1.02 0.1 15, 15
GeeraertC 2 2013 FT 0 0 0 0 0.64 0.1 15, 15
GeeraertY 1b 2007 FT 0 0 1 0 0.52 0.07 24,20
KlaphakeS 2.1 2011 AE 0 0 0 1 -0.07 0.08 20, 20
MuravenS 1 2003 TS 0 0 1 1 0.57 0.1 22,21
SatoH 0 2010 CL 0 0 1 1 0.14 0.02 86, 109
VohsH 2 2000 FT 0 0 1 1 0.8 0.14 14, 14
WallaceB 0 2002 S 0 0 1 1 1.09 0.19 11, 11
Wan 1 2007 CL 0 0 0 0 1.25 0.18 13, 12
Wan 2 2007 CL 0 0 0 0 1.25 0.17 14, 13
Wan 3 2007 CL 0 0 0 0 0.9 0.09 24,24
Wan 4 2007 CL 0 0 0 0 0.96 0.12 39, 38
Wan 7 2007 CL 0 0 0 0 0.84 0.16 13, 13
Wan 8 2007 CL 0 0 0 0 1.18 0.15 15, 14

(table continues)
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Table 1 (continued)
Outcome Author(s) Exp Yr v Mult. IV Mult. DV Pub Lab g v nl, n2
Possible anagrams BaumeisterB 3 1998 EV 0 0 1 1 0.74 0.13 15, 15
BoucherK 2 2012 TS 0 0 1 0 1.01 0.19 11, 11
ClarksonH 1 2010 CL 0 0 1 0 0.76 0.12 16, 16
ConverseD 1 2009 WM 1 0 1 0 —0.46 0.05 38, 37
ConverseD 2 2009 CL/S 1 0 1 0 —0.71 0.11 20, 20
DamanM 3 2013 CL 0 0 0 1 -0.01 0.04 54, 53
DewitteB 2b 2009 FT 0 0 1 0 0.36 0.05 38, 38
MasicampoR 5 2011 TS 0 0 1 1 0.75 0.08 27, 27
MoldenD 1 2012 CL 0 0 1 0 0.31 0.05 43, 42
MurtaghT 2 2004 TS 0 0 1 0 —0.08 0.06 26, 50
UzielL 3 2012 T 1 0 1 1 0.59 0.1 20, 23
vanDellenM 2 2012 AV 0 0 1 0 0.19 0.06 56, 22
Standardized tests ConverseD 3a 2009 CL 0 0 1 0 0.54 0.03 15, 15
ConverseD 3b 2009 CL/S 1 0 1 0 -0.30 0.13 15, 15
KlaphakeS 1.1a 2012 AE 0 0 0 1 -0.32 0.12 10, 10
KlaphakeS 1.1b 2012 WM 0 0 0 1 -0.14 0.08 11, 10
KlaphakeS 1.2a 2012 AE 0 0 0 1 0.44 0.11 19, 20
KlaphakeS 1.2b 2012 WM 0 0 0 1 0.04 0.08 20, 26
KlaphakeS 1.3a 2012 AE 0 0 0 1 0.43 0.04 20, 20
KlaphakeS 1.3b 2012 WM 0 0 0 1 0.02 0.06 20, 20
KlaphakeS 1.4a 2012 AE 0 0 0 1 0.42 0.08 13, 14
KlaphakeS 1.4b 2012 WM 0 0 0 1 0.52 0.05 14, 13
PondD 3 2011 AV 0 0 0 1 0.35 0.07 65, 63
SchmeichelV 1 2003 AV 0 0 1 1 1.29 0.06 12, 12
SchmeichelV 3 2003 AV 0 1 1 1 0.54 0.09 18, 18
Stroop BarberR 1 2011 EV 0 1 0 0 0.11 0.08 18, 18
BoucherK 1 2012 CL 0 0 1 0 0.69 0.15 14, 13
Cesario 0 2011 AV 0 0 0 0 0.25 0.05 31, 30
Davisson 1 2009 CL 0 0 0 0 0.26 0.04 37, 40
DeWallB 3 2008b SE 0 0 1 1 1.07 0.15 14, 14
Friese 2 2012 TS 0 0 0 0 0.2 0.07 29, 32
Friese 3 2012 EV 0 0 0 0 0.27 0.05 41, 38
GailliotB 7 2007c AV 0 0 1 1 0.62 0.09 16, 15
HedgcockV 1 2012 AV 0 1 1 1 —0.04 0.05 30, 30
InzlichtG 0 2007 EV 0 0 1 1 0.64 0.12 15, 18
MuravenS 4 2005 T 0 1 1 1 0.69 0.06 38, 38
Myers 1 2010 T 0 0 0 0 —0.09 0.06 24,26
PondD 1 2011 AV 0 0 0 1 0.02 0.03 56, 60
XuH 0 2012 EV 0 0 1 0 0.65 0.07 24,23
YostM 1 2009 AV 0 0 0 0 0.10 0.01 129, 122
YostM 1 2013 AV 0 0 0 0 —0.14 0.02 45, 45
Working memory CarterM la 2013 CL 1 0 1 0 —0.09 0.03 71,71
DarowskiH p2 2011 AE 0 0 0 0 -0.22 0.13 14, 14
DarowskiH p3 2011 AE 0 0 0 0 -0.05 0.07 23, 44
HealeyH 1 2011 AV 0 0 1 0 1.28 0.12 19, 19
HealeyH 2 2011 AV 0 0 1 0 0.11 0.08 25,25
HealeyH 3 2011 AV 0 0 1 0 0.7 0.11 19, 18
HealeyH 4 2011 AV 0 0 1 0 -0.13 0.08 27,22
KlaphakeS 2.2 2012 TS 0 1 0 1 0.16 0.09 21, 21
Schmeichel la 2007 AV 0 0 1 1 0.45 0.05 41, 38
Schmeichel 1b 2007 AV 0 0 1 1 0.50 0.06 31, 31
Schmeichel 3 2005 EV 0 0 0 1 0.62 0.08 22,22
Schmeichel 2 2007 AE 0 0 1 1 0.51 0.05 32,29
Schmeichel 4 2007 EV 0 0 1 1 0.53 0.06 32,33

Note. Author names = the last name of the first author and the first letter of the last name of the second author. Exp = the number given to the experiment
in the original article (O = only one experiment was conducted in the original article; the addition of a letter or a decimal indicates subsamples). Yr = the
year the experiment was published or, when that information was unavailable, the year we retrieved the data. IV = the outcome task; AE = attention essay;
AV = attention video; CL = crossing out letters; EV = emotion video; FT = food temptation; M = Math; S = Stroop; SE = social exclusion; T =
transcription; TS = thought suppression; WM = working memory. Pub = 1 when the experiment was under review, in press, or being sent to or published
in a peer-review journal. Lab = 1 when one of the authors was associated with the Baumeister and Tice lab. Mult. IV and Mult. DV = 1 when more than
one task was used as a manipulation or outcome task, respectively. g = the adjusted standardized mean difference and v is its associated variance.

Decisions about which experimental attributes to code and how
to code them were made prior to data collection and analysis.
Additionally, prior to data collection and analysis, we made the
decision that we would only attempt to explore statistical hetero-

geneity (i.e., variability between effect size estimates) using the
four experimental attributes described above. In principle, one
might conceive of many other possible experimental attributes that
moderate the depletion effect (e.g., the number of impossible
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anagrams given to participants, the amount of time participants
spent in an experimental session, the ratio of incongruent to
congruent trials presented during the Stroop task). We chose to
limit ourselves only to the factors listed above because they are
interpretable and theoretically important for all of the outcome
tasks we observed, and we committed ourselves to only examining
these factors because examinations of meta-analytic moderators
are notoriously sensitive to Type I error (Thompson & Higgins,
2002). Furthermore, as mentioned above, the goal of this study was
to provide a critical test of the depletion effect, and therefore,
producing and testing an exhaustive list of the experimental char-
acteristics that might modulate the depletion effect was deemed
unnecessary. Put differently, for the depletion effect to be consid-
ered robust and consistent with predictions of the limited strength
model, we would need to find evidence for it that did not depend
on moderating factors beyond the four listed above.

Table 1 displays the coded experiment-level characteristics for
each experiment organized by the category of outcome task. Note
that, because two experiments included multiple outcome tasks
that were both frequently used tasks (impossible anagrams and
Stroop), these experiments were analyzed in two samples: Exper-
iment 4 from MuravenS 2006 and Experiment 1 from BarberR
2011. See the supplementary materials for the citations to the
experiments included our data sets.

Reliability

The second and third authors made all of the coding decisions
regarding the number of manipulation tasks and the number of
outcome tasks used. The first, second, and third authors indepen-
dently made each coding decision for the other variables discussed
above. As recommended (Cooper et al., 2009), interrater agree-
ment for nominal data, such as categorization of the number of
manipulation tasks used, was calculated as Cohen’s k coefficient,
and interrater agreement for continuous data was calculated using
the intraclass correlation coefficient (ICC). Reliabilities are pre-
sented in Table 2. The weighted reliability for each coded variable
was satisfactory. After reliability was calculated, all disagreements
were resolved with a discussion between coders before a final code
was given.

Analyses

Analyses were conducted using R (version 2.15; R Core Team,
2014). All of the data and scripts for our analyses are available as
supplementary materials. Except where noted, decisions on which
analyses to conduct were made prior to data collection and anal-
ysis.

We applied random/mixed-effects meta-analysis models to our
eight data sets (Cooper et al., 2009); between-study variance (7°)
was estimated using restricted maximum-likelihood estimation,
and all models were calculated using the Knapp and Hartung
correction (Viechtbauer, 2010), which has been shown to be an
improvement over standard methods, particularly when meta-
analytic samples are small (IntHout, Ioannidis, & Borm, 2014).
When we observed evidence for statistical heterogeneity among
effect sizes (i.e., variation due to a source other than sampling
error), mixed-effects models including experiment attributes as
meta-analytic moderators were conducted (if, that is, these vari-

Table 2
Interrater Reliability for Coded Variables Across all Data Sets

Reliability by rater pairs Number coded (k)

Weighted

Variable Measure R1&R3 R2&R3 RI1 R2 reliability
Publication status K 1.00 0.87 100 24 0.97
Source lab K 0.92 0.47 100 24 0.83
IV category K . 0.91 0 116 0.91
DV category K . 0.97 0 116 0.97
IV count ICcC . 0.94 0 116 0.94
DV count ICcC . 1.00 0 116 1.00
nl ICcC 0.92 099 100 17 0.93
n2 1cc 0.93 1.00 100 17 0.94
d ICcC 0.98 0.91 145 29 0.97
v 1cc 0.96 099 145 29 0.97

Note. Raters: R1 is rater 1 (first author), R2 is rater 2 (second author), R3
is rater 3 (third author). k = Cohen’s k; ICC = the intraclass correlation
coefficient. nl and n2 are the sample sizes for the experimental and control
groups, respectively. R3 coded all observations, whereas R1 and R2 coded
only some. Weighted reliability = the reliability scores between the pairs
of raters weighted by the number of effect sizes coded by those pairs. The
numbers of effect sizes coded do not necessarily match the final number
because many effect sizes in the analyzed data sets are aggregations of
several effect sizes, each of which was coded separately.

ables divided the sample up into subgroups containing more than
one experiment—in other words, if only one experiment in a
sample was unpublished, then publication status was not used as a
moderator). When the overall F test for moderators was not sta-
tistically significant, it was concluded that none of the attributes
moderated the overall effect.

In addition to the random/mixed-effects meta-analysis models,
we also applied a method for assessing excess statistical signifi-
cance (the Test for Excess Significance, or TES; loannidis &
Trikalinos, 2007). TES evaluates whether there is an excess of
statistically significant results in a set of tests of an effect by
comparing the observed number of statistically significant findings
to the expected number based on estimates of statistical power.
This method makes no assumptions about the actual cause of the
discrepancies between observed and expected findings, which may
be due to publication bias, undisclosed use of researcher degrees of
freedom in the primary literature, fabrication of data, or random-
ness.

There are two methods for calculating power for TES (Schim-
mack, 2012): First, it is possible to obtain an estimate of the true
effect size using information from the entire set of studies (as in a
meta-analysis, for example), and to then calculate power for each
study given that estimate. One can also use the upper and lower
limits of the 95% confidence interval around the meta-analytic
estimate to calculate power for each study. Second, it is possible to
use the effect size estimates from each study to calculate post hoc
power for each study independently. In both cases, the power
estimates can be averaged to give the expected proportion of
statistically significant results in a set of studies, E. The observed
number of studies with statistically significant results, O, is then
compared with E using a binomial test where the null hypothesis
is that O was produced by a binomial distribution where the
probability of observing a statistically significant result is E. The
significance
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of this binomial test reflects the probability that there is an excess
of significant studies (i.e., smaller p values suggest lower proba-
bility that there is not an excess of statistical significance).

A significance threshold for TES of p < .10 has been suggested
(Ioannidis & Trikalinos, 2007); however, we use TES less as a
hard line for making dichotomous decisions about the existence of
bias, and more as a descriptive statistic (Schimmack, 2012). We
conducted TES using power calculated from the estimated true
effect from random-effects meta-analysis models, from the upper
and lower limit of the 95% confidence intervals surrounding these
estimates, and from the effect size estimates provided by each
experiment.

In addition to TES, we applied the popular trim and fill method
(Duval & Tweedie, 2000), which is an iterative nonparametric test
that estimates the number and magnitude of effect sizes missing
due to publication bias and then corrects the estimate of the overall
effect size. Recently, this method has been criticized for under-
correcting for publication bias, as well as being based on overly
specific assumptions: It is specifically a model of how missingness
in a meta-analytic data set can lead to overestimation of the true
underlying effect (Moreno et al., 2009a).

We also analyzed our data sets using two meta-regression meth-
ods for correcting for the influence of small-study effects (Stanley
& Doucouliagos, 2014). The most concerning cause of small-study
effects is publication bias, which produces a monotonic relation-
ship between effect size estimates and the standard errors of those
estimates. Traditionally, small-study effects are visually examined
with a funnel plot (Figures 1 and 2) and quantified as the slope
coefficient—the so-called funnel plot asymmetry test (FAT)—for

Food Consumed Hand Grip
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Figure 1.
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a weighted least squares (WLS) regression model in which effect
size estimates are regressed on the standard error of those esti-
mates, weighted by the inverse of the variances. Recently, the
intercept of this same WLS regression model has been shown to
provide an accurate estimate of the underlying effect that is unin-
fluenced by publication bias and other small-study effects (Preci-
sion Effect Test or PET; Stanley & Doucouliagos, 2014). The
intercept from a similar model that uses variances instead of
standard errors as the predictor has also been shown to be ex-
tremely useful as an estimate of the underlying effect that is robust
to small-study effects (Precision Effect Estimation with Standard
Error or PEESE; Stanley & Doucouliagos, 2014). Although small-
study effects are not necessarily due to publication bias, it is still
useful to correct for their influence, particularly when the theory
inspiring the observed studies cannot reasonably account for the
presence of such effects, as is the case for the depletion effect as
predicted by the limited strength model (see below).

Two points should be considered when using PET and PEESE.
First, it may seem that these estimators should not be applied when
FAT is not statistically significant—the logic being that, with a
nonsignificant test for small-study effects, the influence of such
effects need not be controlled. Unfortunately, FAT has been shown
to have particularly low statistical power, and Stanley and Dou-
couliagos (2014) have recommended that PET and PEESE be
applied regardless of the statistical significance of FAT. Second, it
has been shown that, in the presence of an underlying effect that is
truly nonzero, PET provides an underestimate (i.e., overcorrects
for the influence of small-study effects). In contrast, when the
underlying effect is zero, PEESE provides an overestimate (i.e.,

Impossible Anagrams Impossible Puzzles

SE

0.469 0.235 0.000

-1.00 000 100 2.00
g

Working Memeory

SE
0.363 0.182 0.000

Contour-enhanced funnel plots for the eight data sets. The experiments in each of the eight data sets

are displayed in funnel plots: standard error (SE) on the (inverted) vertical axis and the standardized mean
difference (g) on the horizontal axis. Published experiments are plotted as color-filled circles, unpublished
experiments as white-filled. Experiments plotted outside of the shaded contour are statistically significant (p <
.05). The unshaded triangular area is centered on the random-effects meta-analysis estimate of the depletion
effect, and in the absence of statistical heterogeneity, 95% of experiments should fall within this area. In the
absence of small-study effects (and other forms of heterogeneity), one expects the largest experiments (lowest
SE) to center on the true effect and the smaller experiments to be symmetrically distributed to the left and right
as SE increases. Small-study effects disrupt this expected symmetry, creating instead a monotonic relationship
between SE and g. Confidence that the cause of small-study effects is related to bias increases if experiments
approximately track the rightmost side of the shaded contour, which indicates that results tend to be just
statistically significant enough (i.e., at levels closest to p = .05). Bias is also indicated by a trend for published
experiments to be significant and unpublished experiments to be nonsignificant (i.e., color-filled circles outside
of the shaded area and white-filled circles within it). See the online article for the color version of this figure.
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SE
0236 0.118  0.000
1 1

0.353

0.471
1

Figure 2. Contour-enhanced funnel plot for the combined data set. SE =
Standard error of the effect size estimate; g = bias-corrected standardized
mean difference between performance on the outcome task by the control
and experimental groups. The unfilled triangular contour is centered on the
random-effects meta-analysis estimate of the depletion effect. White-filled
circles are unpublished effect size estimates, color-filled are published.
Effect sizes overlapping the shaded contour are not statistically significant.
See the online article for the color version of this figure.

undercorrects for small-study effects). As a result, Stanley and
Doucouliagos (2014) have suggested using PET and PEESE to-
gether as a conditional estimator (PET-PEESE) where the estimate
of the underlying effect is given by PET when PET is not statis-
tically significant and PEESE otherwise. There is promising sup-
port for this method, although it is relatively new (Stanley &
Doucouliagos, 2014). Here, we report both estimates.

Concerns have been raised in the literature about the application
of each of the above techniques (TES, the trim and fill, FAT, PET,
and PEESE) in the presence of moderate to extreme statistical
heterogeneity (e.g., I > 50%). The basis for these concerns is that
statistical heterogeneity suggests that multiple true underlying
effects are being measured by studies in the meta-analytic sample,
and thus, the assumption upon which the above techniques are
based is violated (Ioannidis & Trikalinos, 2007; Terrin, Schmid,
Lau, & Olkin, 2003). Substantial statistical heterogeneity seems to
be particularly problematic for TES and the trim and fill—which
are both methods designed specifically for assessing missingness
due to bias (Ioannidis & Trikalinos, 2007; Schimmack, 2012;
Terrin et al., 2003); however, statistical heterogeneity is less of a
concern for the more general WLS models, PET and PEESE
(Stanley & Doucouliagos, 2014). If one conceptualizes small-
study effects as a special case of statistical heterogeneity, then the
logical next step is to explain this heterogeneity by examining
possible meta-analytic moderators—that is, by fitting a meta-
regression model to statistically control for the effect of some
variable (such as small-study effects) on the underlying effect of
interest (Riicker, Schwarzer, Carpenter, Binder, & Schumacher,
2011; Stanley & Doucouliagos, 2014). Thus, from this perspective,
heterogeneity is not a problem for the application of metaregres-
sion methods such as PET and PEESE: Indeed, between-study
heterogeneity is the statistical condition that these models are
designed to explain.

Nevertheless, simulation studies do suggest that PET and
PEESE become relatively more inaccurate in the face of extreme
statistical heterogeneity (e.g., Stanley & Doucouliagos, 2014).
Therefore, it is important to keep the amount of statistical heter-
ogeneity in mind when interpreting results for these methods (as is

the case for interpreting any parameter estimate from a meta-
analytic model applied to heterogeneous data). However, these
meta-regression methods have outperformed other methods in
terms of reducing the inflation of effect size estimation due to
publication bias, and although the resulting estimates are not
perfectly accurate, they tend to be the most accurate (Moreno et al.,
2009a; Riicker et al., 2011; Stanley & Doucouliagos, 2014).

In addition to the a priori analyses described above, we also
conducted two sets of post hoc analyses. First, it is possible that
any small-study effects observed in our data sets can be explained
if the degree to which a manipulation task depletes self-control is
somehow related to how many participants are typically included
in experiments that make use of it. This explanation for small-
study effects would be consistent with the limited strength model
if manipulation task potency was negatively correlated with sam-
ple size (i.e., participants in smaller experiments tend to experience
more depletion, and thus, such experiments produce larger esti-
mates of the depletion effect). To investigate the possibility that
manipulation task and sample size were related, we modeled
sample size as a function of manipulation task using a generalized
linear model.

Second, we decided to apply the methods described above to a
data set comprising all of the effect sizes from our eight separate
data sets. The primary motivation for this post hoc analysis was to
provide estimates based on the highest degree of precision and
statistical power we could achieve; however, it is important to keep
in mind that estimates from such a combined model represent an
average over several potentially distinct effects, and interpreting
such estimates effectively assumes that the eight outcome tasks we
identified were comparably valid measures of self-control.

Results

As described above, eight samples were created by dividing the
effect size estimates we collected into groups on the basis of
outcome task category. The seven statistical techniques described
above (Random-effects meta-analysis, mixed-effects meta-
analysis, TES, the trim and fill, and estimators based on WLS
meta-regression, FAT, PET, and PEESE) were applied to each
sample.

Random-Effects Meta-Analysis

Overall, the estimates of the depletion effect based on the
random-effects meta-analysis models tended to be statistically
significant: All estimates were significant except for those for
the food consumption and possible anagrams data sets (see
Table 3). The statistically significant estimates ranged from g =
0.24 (95% CI = [0.07, 0.41]) for Stroop to g = 0.79 (95% CI =
[0.56, 1.02]) for impossible puzzles. There was considerable
variation among our estimates of the depletion effect based on
different outcome tasks—note, for example, that the confidence
intervals just described for standardized tests and for impossible
puzzles do not overlap. These results strongly suggest that
the magnitude of the depletion effect is highly dependent on the
outcome task used to operationalize it, or some other factor that
covaries with the outcome task that researchers select for their
experiments.

In addition to the fact that most of the random-effects meta-
analytic estimates of the depletion effect were statistically
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Table 3
Parameter Estimates for the Random-Effects Models

Sample k g 1] 7 P

Food consumption 14 0.44* [-0.01, 0.89] 96.75"* 0.52[0.24, 1.51] 88.54 [77.96, 95.75]
Hand grip 13 0.56""* [0.31, 0.81] 26.85" 0.09 [0.01, 0.39] 55.73 [12.31, 83.94]
Impossible anagrams 21 0.46"* [0.23, 0.69] 64.66" 0.15 [0.06, 0.48] 68.39 [46.37, 87.49]
Impossible puzzles 16 0.79""* [0.56, 1.02] 40717 0.12[0.02, 0.31] 57.16 [19.24, 77.58]
Possible anagrams 12 0.24 [—0.07, 0.56] 33.13" 0.16 [0.04, 0.69] 69.26 [37.58, 90.80]
Standardized tests 13 0.30" [0.05, 0.54] 22.04™ 0.06 [0.00, 0.42] 43.32 [0.00, 84.74]
Stroop 16 0.24"* [0.07, 0.41] 27.87 0.04 [0.00, 0.21] 46.81 [1.41, 82.60]
Working memory 13 0.32"10.08, 0.56] 25.58™ 0.07 [0.01, 0.39] 51.69 [8.79, 85.73]
Combined 116 0.43"* [0.34, 0.52] 375.76" 0.16 [0.12, 0.26] 71.55 [64.54, 80.15]

Note. Numbers within brackets are the upper and lower limits of 95% confidence intervals. k = number of experiments; g = estimate of the average
underlying effect; Q = Cochran’s Q statistic for statistical heterogeneity, 72 is the estimate of the between-study variance, and /° is a metric generally
interpreted to indicate the percentage of variance due to sources other than sampling error.

*p<.10. "p<.05 "p<.0l. "p<.001.

significant, it is noteworthy that all the data sets showed sta-
tistically significant heterogeneity at a p < .05 level (see Table
2). When statistical heterogeneity was quantified in terms of the
popular I statistic (Cooper et al., 2009)—typically interpreted
as the percent of total variation in effect sizes due to between-
study variation rather than sampling error—estimates of heter-
ogeneity ranged from approximately 43.32% (for Standardized
Tests) to 88.54% (for food consumption; see Table 3). Using
the recommended overlapping descriptors (Higgins, 2008), five
of our data sets fell within the range described as moderate
heterogeneity (i.e., 30% < I’ < 60%) and five fell within the
range described as “substantial” heterogeneity (i.e., 50% <
P < 90%) (estimates from two data sets were in the overlap of
the two ranges). Importantly, such thresholds are only rough
guides, and it should be noted that the confidence intervals
surrounding estimates of both I? and of 72 for our data sets are
quite wide: For example, for the three data sets with the
smallest amounts of heterogeneity (standardized tests, Stroop,
and working memory), the lower limits of the 95% confidence
intervals for IZ were less than 10%, but the upper limits were all
greater than 80% (i.e., “substantial” heterogeneity). Thus, our
measures of statistical heterogeneity can only be interpreted as
suggesting that it is likely that at least some heterogeneity (but
possibly a great deal of it) exists across our data sets.

Mixed-Effects Meta-Analysis

We attempted to explain the heterogeneity in our data sets
using mixed-effects meta-analysis models including terms for
experiment-level characteristics. We used this approach only for
data sets in which the coded experiment characteristics divided
data sets up into subgroups of more than one experiment (see
Table 1), so we were able to apply mixed-effects models to all but
the hand grip data set.

For only the impossible anagrams and Stroop data sets was the
F test for the inclusion of moderators statistically significant (see
Table 4). And despite this significant test for the impossible
anagrams data set, the test for residual heterogeneity for that data
set remained statistically significant, suggesting that the inclusion
of meta-analytic moderators (i.e., predictors) did not fully explain
the observed heterogeneity. For this model, only the regression
coefficients for the intercept (b = 0.33, p = .02) and for Source

Lab (b = 0.77, p = .01) were statistically significant (see Table 4),
which implies that the average effect size of the depletion effect as
measured with impossible anagrams as the outcome task is me-
dium in magnitude, but that it should be expected to become three
times larger (b = 0.33 + 0.77 = 1.10) when observed in experi-
ments conducted by experimenters affiliated with the Baumeister
and Tice laboratory.

For the Stroop data set, only the coefficient for publication
status was statistically significant (b = 0.58, p = .004), whereas
the intercept for this model was not statistically significant (b =
0.10, p = .14), suggesting that the average effect size derived from
unpublished tests of the depletion effect using the Stroop task as an
outcome 1is indistinguishable from zero. However, when taken
from published tests of the depletion effect, the average effect size
can be expected to become nearly seven times larger. These results
are consistent with publication bias as an explanation for the
small-study effects observed in this data set (see below). It is also
noteworthy that accounting for publication status in this data set
apparently fully explains the initially observed “moderate” degree
of heterogeneity (compare p values for Q in Table 1 to p values for
Q, in Table 4).

Similar—although not consistently statistically significant—
patterns were seen in the standardized tests and working memory
data sets. For both of these data sets, the test for residual hetero-
geneity was nonsignificant, as were the terms for the intercepts,
whereas the terms for publication status and source lab were
positive and associated with small p values (.35 = ps = .03). Of
course, for both of these data sets the F test for the inclusion of
moderators was nonsignificant (p = .08 for standardized tests; p =
.24 for working memory), so no firm conclusions should be drawn
from these findings.

Notably, the evidence for an effect of source lab was less
consistent than the evidence for an effect of publication status
across all of our data sets. In every case where publication status
was included in a model, the effect was positive, whereas in two of
the seven cases in which source lab was included, the effect was
negative. Furthermore, in the mixed-effects model applied to the
combined data set (see below), only the effect for publication
status was nearly statistically significant (p = .06). Thus, we think
there is little reason to conclude that results produced by experi-
menters who are affiliated with the Baumeister and Tice laboratory
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Table 4
Mixed-Effects Models

Parameter estimates

Test of moderators Residual heterogeneity

4 F P 0., p

Sample Moderators b

Food consumption Intercept 0.37 .19 0.17 .69 96.03 <.001
Source lab 0.19 .69

Impossible anagrams Intercept 0.34 <.001 3.99 .02 31.02 .01
Publication 0.13 .55
Source lab 0.76 .01
Multiple IV —0.37 17
Multiple DV —0.01 97

Impossible puzzles Intercept 0.90 <.001 0.94 42 33.68 .001
Publication 0.17 .59
Source lab —0.39 22

Possible anagrams Intercept 0.27 .14 29 11 21.32 .01
Source lab 0.33 24
Multiple IV —0.58 .07

Standardized tests Intercept —0.57 .16 3.31 .08 13.46 .20
Source lab 0.80 .05
Publication 0.67 .03

Stroop Intercept 0.10 .14 4.92 .02 12.73 .39
Source lab —0.07 .66
Publication 0.58 .004
Multiple DV —0.23 22

Working memory Intercept —0.01 22 1.67 .24 17.76 .06
Source lab 0.32 .20
Publication 0.23 23

Combined Intercept 0.33 <.001 3.53 .01 321.96 <.001
Source lab 0.11 24
Publication 0.18 .06
Multiple IV —0.47 .01
Multiple DV —0.20 18

Note. Up to four coded experiment-level characteristics could have been used as predictors (moderators) in the mixed-effects models. Residual

heterogeneity is given as Q, (compare with the Q statistic in Table 1).

are stronger than are results produced by other experimenters,
whereas it seems as though results that were ultimately published
tended to be more in favor of the limited strength model than those
that were not published.

Test for Excess Statistical Significance (TES)

TES was applied to our data sets to asses for excess statistical
significance (see Table 5). As mentioned, TES is based on the
statistical power of a set of studies, so we calculated statistical
power from four separate estimates of the depletion effect for each
data set: (a) the effect size estimates from the individual experi-
ments, (b) the effect size estimates from the random-effects meta-
analysis models, and (c) the lower and (d) the upper limits of the
95% confidence intervals surrounding the random-effects meta-
analysis estimates.

For every data set, when TES was calculated based on the limits
of the confidence intervals for the random-effects estimate, it was
either always small enough for concern (ps = .03, for the lower
limits) or always large enough to indicate a lack of bias (ps > .64
for the upper limits). When TES was instead calculated using the
random-effects meta-analysis effect size estimate, it was small
enough to potentially suggest bias in only four of our eight data
sets (food consumption, impossible puzzles, possible anagrams,
and working memory). Given this range of results, and the fact that
some have questioned the validity of this measure (Simonsohn,

2012), it is difficult to draw any firm conclusions from the TES
results. What does seem clear, however, is that the statistical power
for the experiments examining the depletion effect is chronically
low, almost regardless of which estimate one prefers for the true
effect (see Table 5).

The Trim and Fill

The trim and fill method was used to impute data for exper-
iments that might have been missing as a function of effect size
and sample size (e.g., due to publication bias), and then to
reestimate the random-effects meta-analysis estimate based on
the imputed data set. For four of our eight data sets (food
consumption, impossible anagrams, standardized tests, and
working memory), the trim and fill did not impute any missing
studies, and thus, the estimates of the overall effect were not
adjusted (see Table 6). For the four remaining data sets, the trim
and fill estimated between one (possible anagrams) and five
(impossible puzzles and Stroop) missing studies and reduced
the random-effects meta-analysis estimates of the overall effect
by 17% (possible anagrams), 26% (impossible puzzles), 36%
(hand grip), and 46% (Stroop). Additionally, the overall effect
size for the Stroop data set following application of the trim and
fill procedure became statistically nonsignificant, g = 0.11,
95% CI [—0.07, 0.29].
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Table 5
Test for Excessive Significance (TES) and Average Power for
Each Data Set

Effect size estimate used for power

calculation
Sample Measure  Individual RE RELL RE UL
Food consumption Avg. power 48 .39 .05 .89
TES .35 13 <001 .99
Hand grip Avg. power 51 53 22 .80
TES 52 .59 .01 .99
Impossible anagrams Avg. power 42 .36 13 .62
TES .55 32 <.001 98
Impossible puzzles  Avg. power .63 .64 41 .81
TES A1 11 .001 .64
Possible anagrams Avg. power 40 15 .06 53
TES 34 .005 <.001 .70
Standardized tests Avg. power 27 15 .05 .36
TES 72 .30 .03 .89
Stroop Avg. power .29 17 .06 37
TES 71 .28 .01 .90
Working memory Avg. power 35 22 .06 52
TES 13 .01 <.001 .56
Combined Avg. power 42 .33 .23 45
TES .10 <.001 <.001 25

Note. Avg. power is the mean statistical power for the given sample and
effect size estimate. Effect size estimates are taken from the individual
experiments (Individual), the estimate from the random-effects meta-
analysis model (RE), and the lower (LL) and upper (UL) limits of the 95%
confidence interval on random-effects estimate.

Weighted-Least Squares Meta-Regression Models
(Funnel Plot Asymmetry Test [FAT], Precision Effect
Test [PET], and Precision Effect Estimate With
Standard Error [PEESE])

We applied two WLS meta-regression models to test for small-
study effects (using FAT) and to correct for their influence (using
PET and PEESE) in our data sets (Tables 7). For FAT, three of our
eight data sets—hand grip, impossible puzzles, and Stroop—
showed coefficients that were positive and significant at the rec-
ommended threshold of p < .10 (Table 7; Egger et al., 1997). For
the four other data sets—food consumption, impossible anagrams,
possible anagrams, and working memory— coefficients for FAT
were not statistically significant, but were positive and ranged
from b = 191 to b = 3.50, consistent with the presence of
small-study effects. For the remaining data set—standardized
tests—the coefficient for FAT was positive, but nonsignificant and
small, b = 0.12, p = .95. Moreover, examination of the funnel plot
(see Figure 1) indicated that the fact that this coefficient was
positive was likely due only to a single observation that repre-
sented both largest effect size estimate and the smallest sample
size in the standardized tests data set. Upon removing this obser-
vation, the coefficient for FAT became negative: b = —1.32, 95%
CI [—4.90, 2.25]. Thus, it seems unlikely that theoretically mean-
ingful small-study effects were present in the standardized tests
data set, but, given the problems with FAT as a definitive test for
the small-study effects (Egger et al., 1997; Stanley & Doucoulia-
gos, 2014; Sterne et al., 2011), a case can at least be made for their
presence in the remaining seven data sets.

The results from PET and PEESE are clearer than those for
FAT. For all data sets, estimates of the depletion effect based on

PET and PEESE were statistically nonsignificant (the first two
columns of Table 7), which suggests that the apparent evidence
observed when data sets were analyzed using random-effects
meta-analysis was likely due to small-study effects. However,
there are two important points to note about these results.

First, for the standardized tests data set, after removing the one
seemingly outlying observation, the PET estimate (b = 0.60) and
PEESE estimate (b = 0.46) of the depletion effect were both larger
than the random-effects meta-analysis estimate (g = 0.30). In
other words, the application of PET and PEESE to this data set
actually provided increased estimates of the depletion effect (al-
though these estimates were nonsignificant because WLS metare-
gression models produce wider confidence intervals compared to
random-effects meta-analysis). Given the comparison between
PET, PEESE, and the random-effects meta-analysis estimates, the
negative coefficient for FAT, and the fact that the contour-
enhanced funnel plot for this data set is entirely inconsistent with
small-study effects, particularly publication bias, suggest to us that
the depletion effect, when derived from experiments using stan-
dardized tests as an outcome variable, is of medium magnitude and
distinguishable from zero (i.e., g = 0.30), consistent with the
limited strength model.

A second important detail about the PET and PEESE estimates
of the depletion effect is that, in some cases, the estimates provided
by PET are not only negative, but can be described as large effect
sizes (hand grip: b = —0.76 and possible anagrams: b = —0.71).
In contrast, all estimates from PEESE (with the exception of that
for standardized tests) are small in magnitude and close to zero:
The estimates range from b = —0.23 (possible anagrams) to b =
0.22 (impossible puzzles). Therefore, it seems extreme to claim
that the depletion effect is actually strongly negative (e.g.,
b < —0.70, as indicated by the estimates for hand grip and
possible anagrams) and that small-study effects have resulted in
both the published and unpublished literature almost exclusively
showing effect sizes around O or higher (see Figure 1). Instead, a
more reasonable interpretation seems to be that the PEESE esti-
mates are more accurate than the PET estimates.

Indeed, Stanley and Doucouliagos (2014) have shown that,
when the true effect is nonzero, PEESE tends to provide a more
accurate estimate: This is because PET overcorrects for small-
study effects in such cases. Thus, it may be that the depletion
effect, although essentially zero on average, is indeed nonzero in

Table 6
Estimates of the Depletion Effect Based on the Trim and Fill
Sample g P +k
Food consumption 0.44 [—-0.01, 0.89] .06 0
Hand grip 0.36 [0.09, 0.63] .008 4
Impossible anagrams 0.46 [0.23, 0.69] <.001 0
Impossible puzzles 0.62 [0.39, 0.84] <.001 5
Possible anagrams 0.20 [—0.07, 0.47] .15 1
Standardized tests 0.30 [0.05, 0.54] .02 0
Stroop 0.11 [—0.07, 0.29] 23 5
Working memory 0.3210.08, 0.56] .01 0
Combined 0.24 [0.13, 0.34] <.001 29

Note. g = the (adjusted) estimate of the overall true effect after experi-
ments have been imputed (the p-value corresponds to this estimate). +k =
the number of experiments imputed by the trim and fill.
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Table 7
Parameter Estimates for PET, PEESE, and FAT

Sample PET PEESE FAT
Food consumption —-0.21 (—2.35,1.93) —=0.01 (—1.13,1.11) 238  (—5.94,10.69)
Hand grip —0.76 (—1.55,0.04) —0.11 (—0.54,0.32) 4.76** (1.81,7.71)
Impossible anagrams 0.04 (—0.66,0.74) 0.15 (—0.22,0.53) 1.51 (—1.18, 4.20)
Impossible puzzles —0.16 (—0.76,0.43) 0.22 (—0.16, 0.60) 3.02"" (0.98, 5.06)
Possible anagrams —=0.71 (—1.93,0.51) —0.23 (—0.83,0.38) 350 (—1.18,8.17)
Standardized tests 0.27 (—0.85,1.38) 0.27 (—0.37,0.90) 0.12  (—3.96,4.20)
Stroop —0.27" (—0.58,0.04) —0.07 (—0.24,0.11) 2.35"" (0.84, 3.86)
Working memory —0.15 (—1.20,0.99) 0.09 (—0.47,0.65) 1.79 (—2.39,5.97)
Combined —0.27"" (=0.52, —0.01) 0.003 (—0.14, 0.15) 2.54"* (1.52, 3.55)
Note. PET and PEESE are estimates of the underlying effect that are robust to small-study effects.
p<.0. "p<.05 "p<.0l. "p<.001.

specific cases, but small in magnitude and both positive (as ap-
pears to be the case for impossible anagrams, impossible puzzles,
and working memory)—as predicted by the limited strength mod-
el—and negative—-contrary to the limited strength model (as
appears to be the case for food consumption, hand grip, possible
anagrams, and Stroop). If this is true, than PEESE ought to provide
the most accurate estimates.

Post Hoc Analyses

We conducted two sets of analyses post hoc. The first, which
applied the statistical methods described above to a combined data
set including all of the effect sizes across our eight data sets, was
conducted to produce estimates with the highest possible statistical
power and precision. The second, which represented an examina-
tion of sample size as a function of manipulation task, was de-
signed to rule out a potential limited-strength-model-consistent
explanation for small-study effects. Two experiments produced
effect sizes that fell into two data sets (i.e., MuravenS, 2005,
Experiment 4, and BarberR, 2011, Experiment 1, both from the
impossible anagrams and Stroop data sets), so for our post hoc
analyses, we aggregated the pairs of estimates produced by these
two experiments.

The estimate of the depletion effect from the random effects
model applied to this data set was g = 0.43, 95% CI [0.34, 0.52],
which was considerably smaller than (and nonoverlapping with)
the overall mean effect size for the depletion effect that Hagger et
al. (2010) estimated using random effects meta-analysis, d = 0.62,
95% CI [0.57, 0.67]. This difference can be attributed to the
differences in inclusion criteria between the two meta-analytic data
sets (e.g., our inclusion of unpublished data, our exclusion of
experiments that we deemed inappropriate tests of the depletion
effect). As expected from our primary analyses, the estimated
effect for our combined data set was qualified by clear signs of
statistical heterogeneity, Q = 375.76, p < .001; P = 71.55%. The
mixed-effects model applied to this data set revealed a statistically
significant intercept, b = 0.33, p < .001, in addition to a nearly
significant positive effect for publication status, b = 0.18, p = .06,
and a negative effect for the presence of multiple manipulation
tasks, b = —0.47, p = .001, which suggests that, contrary to the
limited strength model, the depletion effect reverses (i.e., subse-
quent acts of self-control are less likely to fail) in the presence of
multiple “depleting” tasks (see Table 4). Application of the trim

and fill reduced the overall effect by 44%, g = 0.24, 95% CI [0.13,
0.34], based on the addition of 29 effect sizes (see Table 6).
FAT was statistically significant and in the direction consistent
with small-study effects (see Table 7), and the overall effect for
our combined data set when estimated using PET was negative and
statistically significant, b = —0.27, 95% CI [—0.52, —0.01]. The
estimate from PEESE was essentially zero and not statistically
significant, b = 0.003, 95% CI [—0.14, 0.15] (note that applying
PET-PEESE in this case would result in favoring the PEESE
estimate). Moreover, our post hoc analysis of the combined data
set highlights an important point: Sample sizes across our data sets
were chronically small (see Figure 3)—specifically, the minimum
total sample size in the combined data set was N = 20, the 25%
quantile was N = 31.5, the median was N = 48, the 75% quantile
was N = 67.5, and the maximum sample size was N = 251.
Average statistical power was also quite low (ranging from 23% to
45%; Table 5), and the results from TES suggest that, given these
levels of statistical power, it is very unlikely that as many statis-
tically significant findings as were observed in this data set were
generated without the influence of some form of bias (see Table 5).
To help rule out a limited-strength-model-consistent explanation
for small-study effects (i.e., that the degree to which manipulation
tasks deplete self-control is somehow related to the number of
participants that are exposed to it), we modeled sample size as a
function of manipulation task. For this analysis, we used the
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Figure 3. Histogram of sample sizes. Only independent effect sizes
derived using a single manipulation task are shown (i.e., 111 of the 116
independent effect size estimates).
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combined data set, but we also removed any effect size that had
been produced from an experiment that used more than one ma-
nipulation task. Therefore, this model was based on 111 observa-
tions, rather than 116.

Importantly, sample size is a count variable (i.e., nonnegative
integer), and therefore we did not expect it to follow a normal
distribution (and it did not; Figure 3). Poisson regression models,
which are the standard for such data (Gardner, Mulvey, & Shaw,
1995), assume that the variance and the mean of the outcome are
equal, but in our case, the average sample size was 57.04 and the
variance was 1,374.96. Not surprisingly then, a test for overdis-
persion (Zeileis, Kleiber, & Jackman, 2008) rejected the null
hypothesis that the mean and the variance were equal: estimated
dispersion parameter = 20.42, z = 3.51, p < .001. As a result,
standard Poisson regression was inappropriate for these data. In-
stead, we used a quasi-Poisson regression model, which we pre-
ferred to a negative binomial model because it does not require any
assumptions about the underlying probability distribution (Gardner
et al., 1995).

In this model, every term was statistically nonsignificant except
for the intercept, b = 3.76, p < .001 (which indicates, unsurpris-
ingly, that the average sample size was nonzero) and the coeffi-
cient for the attention video manipulation task, » = 0.51, p = .04,
which suggests that experiments that use the attention video ma-
nipulation also tend to have larger-than-average sample sizes.
Critically, the significant result for the attention video manipula-
tion seemed to be due to a single extreme observation, YostM,
2009, Experiment 1, which included the largest sample size (N =
251) across all of our data sets (to visualize the extremeness of this
observation, compare it to the median of the attention video group,
and compare this median to those of the other groups in Figure 4).
With this one data point removed, the coefficient for the attention
video task decreased by about 30% to b = 0.36, p = .12. More-
over, removing this effect size from the analysis of the Stroop and
combined data sets left the results of the analyses of those data sets
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Figure 4. Sample size as a function of manipulation task type. Horizontal
bars indicate median sample sizes for each category. AE = attention essay;
AV = attention video; CL = crossing out letters; EV = emotion video;
FT = food temptation; M = Math; S = Stroop; SE = social exclusion;
T = transcription; TS = thought suppression; WM = working memory.
Note that only one observation exists for the Math manipulation task. Only
independent effect sizes derived using a single manipulation task are
shown (i.e., 111 of the 116 for the full sample). See the online article for
the color version of this figure.

essentially unchanged. Thus, given this context, as well as the fact
that this analysis was exploratory, we believe that the best inter-
pretation of the data is that sample sizes did not differ as a function
of manipulation task, and that it would therefore be inaccurate to
claim that the small-study effects we observed were due to more
potent manipulations tending to be used in conjunction with
smaller sample sizes.

Summary

In all but two samples (food consumption and possible ana-
grams), the estimates of the average overall effect from the
random-effects meta-analysis models were statistically significant
(see Table 1). However, in all samples the average overall effect
was also qualified by moderate to substantial between-study het-
erogeneity (see Table 3), suggesting that the experiments in these
samples were not all measuring the same effect, so that any single
summary estimate was in fact an average across measures of
multiple effects. Although our mixed-effects meta-analysis models
were mostly unsuccessful at explaining this heterogeneity, there
did appear to be some evidence that publication status explained
some degree of heterogeneity (i.e., published experiments tended
to have produced higher effect size estimates on average than
unpublished ones).

In five of the samples (hand grip, impossible anagrams, impos-
sible puzzles, Stroop, and working memory), the average overall
effect appeared to be dependent on the presence of small-study
effects (see Table 7). In four of these five samples (hand grip,
impossible anagrams, Stroop, and working memory), the small-
study effects in question were plausibly due to publication bias
(given, for example, the placement of published effect sizes as
compared to unpublished effect sizes on the contour-enhanced
funnel plots; Figure 1), whereas the cause was less obvious in the
impossible puzzles data set. Regardless, in each of the samples
where evidence for an influence of small-study effects was found,
controlling for this influence through the application of PET and
PEESE reduced the estimate of the overall average effect to
nonsignificance.

Upon removing the single most extreme observation from the
standardized tests data set, the estimates of the depletion effect
from PET and PEESE were nonsignificant but larger than the
random-effects estimate, and the coefficient for FAT was negative.
As such, we believe that the coefficients for the WLS models for
this data set, in conjunction with inspection of the funnel plot in
Figure 1, imply that small-study effects are an unlikely explanation
for the positive and statistically significant random-effects esti-
mate for the standardized tests data set. Therefore, we find that the
existing evidence provides support for the claim that previous acts
of self-control do impair subsequent performance on standardized
tests.

The application of TES and the trim and fill methods provided
some evidence for the presence of bias. Results from TES were
primarily ambiguous because of the large degree of between-study
heterogeneity in the samples and the resulting wide confidence
intervals around the estimate of the average overall effect from the
random-effects meta-analysis models; however, the sample sizes
in the experiments meta-analyzed were typically small (see Figure
3), and the resulting average statistical power for estimates from
the combined data set was chronically low (see Table 5), mirroring
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what we found previously in the Hagger et al. (2010) dataset.
Application of the trim and fill method reduced the estimate of the
overall effect in four of our eight data sets, and in the case of the
Stroop data set, the reduction left the overall effect statistically
nonsignificant.

Results from the combined data set were consistent with our
primary analyses: The depletion effect was statistically significant
and positive when estimated using the random-effects meta-
analysis model, the trim and fill estimate was reduced, and esti-
mates from PET and PEESE were indistinguishable from zero.
TES and FAT clearly suggested the presence of bias, but the
contour-enhanced funnel plot (see Figure 2) does not necessarily
suggest a pure case of publication bias (although the mixed-effects
model indicated that published experiments tended to produce
larger effect size estimates than unpublished ones). Interestingly,
there seemed to be a relationship between effect size and sample
size for unpublished effect sizes only (see Figure 2), raising the
possibility that small-study effects, such as the application of
undisclosed researcher degrees of freedom, might be influence the
reporting of some unpublished results, such as those included in
dissertations or theses. Regardless, the overall pattern of results
from the combined data set is in general agreement with that from
the primary analysis: The depletion effect is not robust to context,
and estimates that account for small-study effects, regardless of
what those effects may be, suggest that the depletion effect is, on
average, indistinguishable from zero.

Discussion

Assuming that the frequently used manipulation and outcome
tasks that we identified are valid operationalizations of self-
control, full support of the limited strength model requires that the
depletion effect be distinguishable from zero in all eight of our
data sets, as well as our combined data set (Baumeister et al.,
1998). However, in only the standardized tests data set did we find
convincing evidence that the depletion effect was different from
zero; otherwise, random effects meta-analytic estimates were ei-
ther not statistically significant (i.e., food consumption: g = 0.44,
95% CI = [—0.01, 0.89]; possible anagrams: g = 0.24, 95% CI =
[—0.07, 0.56]) or were qualified by the apparent presence of
small-study effects to the extent that correcting for such effects
resulted in the overall effect not being distinguishable from zero
(see Table 1; see Table 9 for a summary of how our results do or
do not support the existence of the depletion effect as proposed by
the limited strength model).

Hagger et al. (2010) described the results of their meta-analysis
as “... demonstrating that the ego-depletion effect exists, its
associated confidence intervals do not include trivial values, and it
is generalizable across spheres of self-control” (p. 515). Our re-
sults contradict each of those claims, and it appears that self-
control functions as predicted by limited strength model only when
the outcome task is performance on standardized tests. Notably,
without applying any corrections for small-study effects, the esti-
mate of the depletion effect derived from the standardized tests
data set was less than half the size of the overall estimate provided
by Hagger et al. (2010), and the lower limit of the 95% CI was
nearly zero (g = 0.05).

Publication bias seems to explain the small-study effects in four
of our data sets: The funnel plots (see Figure 1) for hand grip,

impossible anagrams, Stroop, and working memory show the
publication-bias-consistent pattern in which published results pos-
sess effect sizes that tend to exceed the threshold for statistical
significance compared to effect sizes for unpublished results. This
pattern is less apparent in the data sets for impossible puzzles,
suggesting that publication bias does not fully explain the small-
study effects for in this data set. Nevertheless, the fact that con-
trolling for small-study effects in these data sets reduced the
depletion effect to nonsignificance should inform our confidence
in the depletion effect: To maintain belief in the depletion effect in
the face of these results, one would have to argue that smaller
experiments were somehow more effective at depleting self-
control. Because experiments in each of the eight data sets used the
same outcome tasks and a limited set of manipulation tasks, such
a state of affairs seems unlikely. Moreover, we found that sample
size was likely unrelated to the type of manipulation task used (see
Table 8), placing in doubt the possibility that smaller experiments
involved more effective manipulation tasks.

We favor an interpretation of our findings that depends on the
validity of the WLS meta-regression estimators PET and PEESE,
but because such methods are relatively infrequently used in
psychology (but not, for example, economics, Costa-Font et al.,
2011; Doucouliagos & Stanley, 2009; Havranek, 2010; or medi-
cine, Hemingway et al., 2010; Moreno et al., 2009a, 2009b;
Niiesch et al., 2010), it seems likely that some readers will not find
those results completely convincing. Even ignoring the regression-
based estimates, however, our findings still present critical prob-
lems for the limited strength model of self-control. First, the food
consumption and possible anagrams data sets did not produce
statistically significant overall effects as estimated by standard
random-effects meta-analysis models, and the estimate of the
overall effect for the Stroop data set was reduced to nonsignifi-
cance by the commonly used trim and fill method.

Based on the limited strength model, one would clearly predict
that each of our samples would have shown significant overall
effects, and the fact that three do not, suggests either that (a) only
some behaviors can be “depleted” or that (b) these tasks do not in
fact measure self-control. Accepting the former interpretation
would necessitate a complete revision of the limited strength
model in that it would mean that only certain behaviors, rather than

Table 8
Quasi-Poisson Regression Model Predicting Sample Size as a
Function of Manipulation Task

b SE p
Intercept 3.76 0.21 <.001
Attention video 0.51 0.25 .04
Crossing out letters 0.36 0.25 .16
Emotion video 0.32 0.26 22
Food temptation 0.30 0.32 35
Math —0.39 0.91 .67
Stroop 0.43 0.30 .16
Social exclusion —0.08 0.43 .86
Transcription 0.08 0.35 .82
Thought suppression 0.21 0.27 44
Working memory —0.03 0.39 94

Note. Only independent effect sizes derived using a single manipulation
task are shown (i.e., 111 of the 116 for the full sample). There is only one
observation that uses the Math manipulation task.
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Table 9

Interpreting Our Results in Terms of Evidence for the Depletion Effect as Laid out in the Limited Strength Model of Self-Control

Basis for the

Sample conclusion
Key questions FC 1A P PA ST S WM C Test Table

Ql: Is the average overall depletion effect statistically

significant? N Y Y N Y Y Y Y  RE model 3
Q2: If the depletion effect is moderated by an experiment-level

characteristic, is the effect consistent with the limited

strength model? Y N N  ME model 4
Q3: After imputing experiments that are potentially missing due

to publication bias, is the overall average depletion effect

significant? Y Y N N Y  Trim & fill 6
Q4: Is the overall average depletion effect still significant after

correcting for small-study effects? N N N N N N N  PET & PEESE 7

Q5: Does the evidence support the existence of the depletion
effect as proposed in the limited strength model (i.e., the
answers to Q1 through Q4 are never “N”)? N

N N N Y N N N

Note. FC = food consumption sample; HG = handgrip sample; IA = impossible anagram sample; IP = impossible puzzles sample; PA = possible
anagram sample; ST = standardized tests sample; S = Stroop sample; WM = working memory sample; C = The combined data set. “Y” = yes; “N” =

D)

no;

any act of self-control, show the depletion effect. Accepting the
latter interpretation has two implications: First, that any instance of
the sequential task paradigm in which such a behavior was used as
a manipulation would not inform the evidence for (or against) the
limited strength model. For example, several experiments in our
data sets used the Stroop task to manipulate subsequent perfor-
mance on other commonly used tasks, such as impossible puzzles,
but if the Stroop task does not require self-control, then these other
experiments cannot be said to have tested the depletion effect.
Second, any extension work that takes the validity of such tasks as
an initial assumption are meaningless in terms of determining
whether self-control was necessary for the behavior in question.
For example, DeWall, Baumeister, Stillman, and Gailliot (2007)
tested whether aggression in the face of provocation could be
manipulated via the Stroop task, and Gailliot et al. (2007) reported
that the depletion effect, as measured by Stroop performance, was
obviated by having participants consume a drink sweetened with
sugar rather than an artificial sweetener. If the Stroop task does not
require self-control, then the work by DeWall et al. (2007) and
Gailliot et al. (2007) tells us nothing about the proposals that
self-control is related to aggression or that blood glucose levels are
related to the depletion effect.

Using standard mixed-effects meta-analysis techniques, we also
found support for the notion that self-control actually improves if
more than a single manipulation task is completed: This effect was
nearly statistically significant for the impossible anagrams and
possible anagrams data sets, and statistically significant for the
combined data set. These findings are entirely inconsistent with the
limited strength model, and have been better accounted for by
theories such as learned industriousness (see, for example, discus-
sions by Carter & McCullough, 2013b and Converse & DeShon,
2009). It is worth noting that at least one additional experiment,
which was not included here due to its too-recent completion date,
has been published in support of the pattern that completing more
manipulation tasks (i.e., exercising greater self-control) results in
improvement in subsequent self-control performance (Xiao, Dang,
Mao, & Liljedahl, 2014).

= not applicable. Random-effects model = the RE model; Mixed-effects model = the ME model.

It is also worth noting that, by applying the widely used trim and
fill method, we found that the majority of our data sets do not
allow one to rule out effect sizes of a magnitude that one might
consider trivial. Specifically, in six of our eight data sets, and in
our combined data set, the lower limit of the 95% confidence
interval surrounding the estimate from the trim and fill method was
less than g = 0.15 (see Table 6), an effect size magnitude that is
small enough to warrant serious reconsideration of whether the
depletion effect can even be productively studied in the laboratory
because achieving 80% power to observe an effect of that size in
a two-group design would require 699 subjects per group. There-
fore, whether or not one chooses to be confident in more recent
estimators like PET and PEESE, there are ample reasons that our
findings present serious problems for both the generality and
usefulness of the limited strength model.

Hagger and Chatzisarantis (2014) previously expressed skepticism
that publication bias could be operating strongly enough to suppress
the number of results necessary to inflate a null average effect into an
effect of medium magnitude—such as the estimate of d = 0.62 for the
overall average depletion effect reported by Hagger et al. (2010).
Importantly, simply censoring results from meta-analytic samples is
not the only way in which a meta-analytic effects can be inflated.
First, as we have argued previously (Carter & McCullough, 2014), it
is possible that the undisclosed use of researcher degrees of freedom
turned unfavorable results into favorable ones, thereby skewing the
estimate of the overall average depletion effect without requiring that
any results be lost to “the file drawer.” Second, the fact that the
present study generally found estimates of the depletion effect that
were smaller than the estimate reported by Hagger et al. (2010) raises
an additional point against the view espoused by Hagger and Chatz-
isarantis (2014): Compare, for example, Hagger et al.’s (2010) esti-
mate of d = 0.62 with our estimates of the depletion effect for the
average published data set (given either as the intercept or the sum of
the intercept and the coefficient for publication status; see Table 4)
from the possible anagrams (b = 0.27), standardized tests (b = 0.10),
and working memory (b = 0.22) data sets. This pattern suggests the
possibility that the original estimate of d = 0.62 may have been
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inflated by influences other than publication bias—namely, the inclu-
sion of estimates of effects that here we have argued are not appro-
priate tests of the depletion effect (e.g., estimates of effects derived
from extension experiments, estimates of effects that can be claimed
as supporting the depletion effect regardless of the direction of the
effect). Therefore, even if Hagger and Chatzisarantis (2014) were
correct about the influence of publication bias in the literature on the
limited strength model, it is still plausible that Hagger et al.’s (2010)
estimate of the depletion effect represented an overestimate of an
effect that was small or zero on average.

Readers may wonder whether Hagger and Chatzisarantis’s (2014)
intuition that an extensive number of unsupportive or contrary find-
ings likely do not exist is validated by the number of unpublished
experiments we were able to collect and include here. The collection
and inclusion of unpublished data, although critical, is an imperfect
process (e.g., many “failed” experiments are never written up, and the
lack of any record often makes retrieval of previously collected data
extremely difficult and time-consuming for researchers; Franco et al.,
2014). Thus, retrieving unpublished data cannot entirely replace the
statistical approaches we employed (e.g., PET and PEESE), and it is
extremely unlikely that the unpublished data we collected is the entire
body of unpublished work on the depletion effect.

Arguably, a set of preregistered replication efforts would help to
settle the issue of whether the depletion effect is real. Recently, Alex
Holcombe and Martin Hagger have proposed just such a registered
replication effort,> and although we believe this project to be worth-
while, any attempt to replicate the depletion effect should consider
two points: First, our results indicate that replicating the depletion
effect would require large samples. We believe that the only convinc-
ing evidence for the depletion effect in our data sets was found for the
standardized tests data set (standardized tests, g = 0.30); but, if one is
unconvinced by the WLS estimators, and would instead prefer to look
to more standard meta-analytic techniques, then likely the best esti-
mate of the overall depletion effect is given by the trim and fill
method as applied to our combined data set (g = 0.24). In either case,
many subjects per group (e.g., 273 per group for the estimate based on
the combined data sets) in a between-subjects design are required to
achieve 80% power to detect the depletion effect. Our trim-and-fill-
derived estimate is in stark contrast to Hagger et al.’s (2010) estimate
of d = 0.62—the estimate on which the current replication project
bases its suggested sample size of at least 84 per group. Second, the
limited strength model holds that any act of self-control should result
in decreases in performance on any task that also requires self-control.
As a result, for the limited strength model to be supported, the
depletion effect would need to be successfully replicated using mul-
tiple combinations of manipulation and outcome tasks (presumably
those self-control tasks that are thought to be the most valid). If,
instead, replication efforts focus only on a single combination of
manipulation and outcome tasks, as is the case for the currently
proposed replication, results from such efforts can only answer the
question of whether the depletion effect exists when measured with
those tasks. This finding would be necessary to support the limited
strength model, but not sufficient. Therefore, for large-scale replica-
tion efforts to support the notion that self-control functions as if it
relies on a limited resource—rather than simply the idea that a given
pair of manipulation and outcome tasks show the depletion effect—a
suite of experiments making use of a variety of tasks will be required.

There are two important points related to this issue of generaliz-
ability. First, the claims we make about the depletion effect only apply

to the depletion effect as it is typically measured in the laboratory—
that is, as it is measured by experiments for which our samples can be
considered representative (e.g., instances of the sequential task para-
digm involving only the most frequently used manipulation and
outcome tasks). Our conclusions should not be taken to necessarily
apply to every instance of the sequential task paradigm; however,
given that our results are based on the types of experiments that we
argue to be the core of research on the depletion effect, we believe our
findings are sufficient to raise serious concerns about the entire body
of evidence thought to support the limited strength model. Second,
our conclusions and those of Hagger et al. (2010), as well as those of
the authors of the work that has been meta-analyzed here or previ-
ously, define the depletion effect in terms of performance on the
sequential task paradigm. It may be that self-control does truly “de-
plete” when it is measured in different ways (e.g., in terms of perfor-
mance on a single task as a function of time-on-task, as in the
literature on cognitive fatigue; Ackerman, 2011). Examining such
alternative operationalizations of self-control failure that might plau-
sibly be linked to resource depletion—or at least a process that
resembles resource depletion—would be very useful for determining
the nature of self-control failure; however, to avoid the same problems
we have identified in the literature on the sequential task paradigm
(e.g., low statistical power, publication bias), researchers would do
well to collect the largest samples possible, preregister their experi-
ments, and make their data, regardless of results, easily accessible.

Conclusion

We designed our tests to provide a critical examination of the
depletion effect, one for which even the most skeptical reader would
have needed to revise his or her beliefs had the findings supported the
limited strength model. However, our results were inconsistent with
the predictions of the limited strength model (see Table 9). For
example, it seems that previous acts of self-control reduce perfor-
mance on subsequent standardized tests, but the lack of support for the
notion that this effect also applies to more classic self-control tasks,
such as the Stroop task, strongly suggests that self-control in general
does not decrease as a function of previous use. Given the overall
picture provided by our analyses, we conclude that the meta-analytic
evidence does not support the proposition (and popular belief) that
self-control functions as if it relies on a limited resource, at least when
measured as it typically is in the laboratory. We encourage scientists
and nonscientists alike to seriously consider other theories of when
and why self-control might fail.

2 https://osf.io/jymhe/
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