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Meta-analyses are regularly used to quantitatively integrate the findings of a field, assess the consistency of an
effect and make decisions based on extant research. The current article presents an overview and step-by-step
tutorial of meta-analysis aimed at psychophysiological researchers. We also describe best-practices and steps
that researchers can take to facilitate future meta-analysis in their sub-discipline. Lastly, we illustrate each of
the steps by presenting a novel meta-analysis on the relationship between depression and action-monitoring
event-related potentials – the error-related negativity (ERN) and the feedback negativity (FN). This meta-analy-
sis found that the literature on depression and the ERN is contaminated by publication bias. With respect to the
FN, the meta-analysis found that depression does predict the magnitude of the FN; however, this effect was de-
pendent on the type of task used by the study.
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1. Introduction

Most scientific questions are addressed bymultiple studies conduct-
ed by independent research teams using a diverse range of methods
rather than by a single study. Researchers understand and accept that
the results of these studies will often vary and, in some cases, may di-
rectly contradict each other. Yet researchers also want to be able to
use these varied and conflicting findings to come to a consensus regard-
ing a body of work – for example, it is often desirable to determine
whether the predictions of a theory have been supported or whether
a finding has practical applications. For the greater part of the previous
century, researchers from a number of fields including physics, psychol-
ogy, ecology, zoology, archaeology, astronomy and medicine (Birge,
1929, 1932; Haidich, 2010; Petticrew, 2001) have relied on meta-anal-
ysis to quantitatively summarize a body of work and draw conclusions.
“Meta-analysis” refers to a set of procedures that statistically analyze
the results of primary studies (i.e. the original research) in order to syn-
thesize the findings (Glass, 1976).

The purpose of this article is to provide a broad overview of what
meta-analysis is as well as a practical tutorial aimed at psychophysiolo-
gists. This article is organized around a series of steps that nearly all
meta-analyses will follow (adapted from Cooper, 2010; Cumming,
logy, 654 Cherry St., Atlanta, GA

. Moran).
2012): formulating the problem, conducting the literature search, cod-
ing studies and extracting data, synthesizing effect sizes and assessing
for heterogeneity, and assessing for threats to validity. Each of these sec-
tions will present tips, strategies and best-practices for conducting a
meta-analysis. Each of the five sections will end with an illustrative ex-
ample from a novelmeta-analysis we performed on the relationship be-
tween depression and action-monitoring event-related potentials
(ERPs), namely the error-related negativity (ERN) and the feedback
negativity (FN). We conclude by identifying challenges to conducting
robust meta-analyses, and offer some possible solutions for psycho-
physiologists to take up in planning, executing, and reporting on future
studies.

2. Step 1: formulate the problem

Conducting a meta-analysis can take a great deal of time and effort.
For example, one of the authors recently completed a meta-analysis
which required approximately 16 months (Moran, in press). Given the
work involved, one could legitimately wonder if summarizing the
existing literature with a meta-analysis is a better use of one's time
than trying to address an existing question with a new primary study
or by summarizing the literature with a narrative review. The type of
study that one conducts should, of course, be dependent on one's
goals. The following are goals that meta-analysis is particularly well-
suited, or uniquely-suited, to addressing: 1) Determine if an effect is
“real.” Psychologists of all stripes must deal with findings that
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occasionally fail to replicate – whether due to false positives or simply
sampling error and low power. A meta-analysis can help test an effect,
often with far greater power than any single study (see Section 6.6 for
an example). 2) Determine the consistency of an effect. Psychologists
are accustomed to the fact that some effectsmay be dependent on a par-
ticular population/setting/design etc. – that is, an effect might be mod-
erated by some other variable. Given that even two studies testing the
same hypotheses can differ markedly in these variables, a highly inclu-
sive meta-analysis is well-suited to testing the role of moderating vari-
ables – and with much greater power than any single study.
Additionally, meta-analyses can test moderators that no single study is
capable of addressing. For example, a researchermaywish to determine
if the effects in a given field are shrinking over time – the so-called “de-
cline effect” (Schooler, 2011). Obviously, no single study is capable of
addressing this; but a meta-analysis involves summarizing the results
of many studies published over several years. 3) Increase the precision
of an estimate. In some cases, a psychologistmaywish to go beyond sta-
tistical significance and compute a highly precise estimate of themagni-
tude of an effect. This is likely to be most important in applied settings
where precise estimates of ameasure's predictive validity are highly de-
sired. 4) Assess the literature for publication bias. Publication bias, de-
scribed below, occurs when the published literature systematically
differs from the population of all studies conducted on a topic. Thus,
publication bias affects an entire literature, not an individual study. A
meta-analysismay be able to determinewhether a literature is contam-
inated by publication bias whereas a primary study is not.

That having been said, meta-analyses are not appropriate for all sit-
uations. In particular, a meta-analysis cannot fix a “broken” literature.
For example, if a researcher believes that a given literature is full of
poorly conducted studies – e.g. invalid instruments, poor experimental
designs, etc. – a meta-analysis will not be able to produce a meaningful
summary of that literature. Meta-analyses obey the “law of conserva-
tion of garbage” – i.e. garbage in, garbage out. If ameta-analysis includes
low-quality studies with questionable findings, the results of the meta-
analysis will also be questionable. In these situations, a meta-analysis
might be able to directly compare effects from low- and high-quality
studies (although, the low/high distinction must be determined by the
meta-analyst), but it will not be able to correct for poor design. When
a literature is contaminated with poorly conducted studies, a new pri-
mary study which address the limitations of the literature may be a
more prudent use of time.

Once it has been determined that a meta-analysis is the appropriate
design for a given question, the researcher must carefully formulate the
problem they wish to address. This may be as simple as wanting to
know if one variable predicts another or as complicated as testing the
predictions of a theoretical model. Themeta-analyst must also carefully
define the scope of their investigation. For example, a psychophysiolo-
gist who wants to study the N2 ERP component must decide whether
to include the N2a, theN2b, theN2pc etc. This is not a strictly linear pro-
cess. It is possible that the scope of a meta-analysis may need to be re-
fined as research reports are located. Given that the process of
formulating a research question is likely to be familiar to most re-
searchers, we will not discuss these issues in depth.

In the following section, we formulate the research problem regard-
ing the relationship between depression and action-monitoring ERPs –
i.e., the ERN and the FN. We briefly review the relevant literature and
describe why a meta-analysis is a useful way to proceed.

2.1. Example using depression and the ERN/FN

Depression is among themost common psychiatric conditions and is
associated with a high rate of recurrence and significant personal and
societal cost (Greden, 2001; Lai, 2011; Lopez et al., 2006; World
Health Organization, Switzerland, 2011). For example, depression is as-
sociated with increased healthcare costs and service utilization, missed
work, impaired academic and social functioning, recurrent depressive
episodes and increased risk for suicide. Given these findings, the last
few years have seen increased effort to identify “biomarkers”which in-
dicate risk for the development of depression thereby facilitating early
diagnosis and preventative care.

For depression, two event-related potentials have shown promise as
candidate biomarkers: the error-related negativity (ERN) and the feed-
back negativity (FN). The ERN is a negative deflection in the human
event-related potential (ERP) that occurs within 100ms of the commis-
sion of an error during forced-choice reaction time tasks – e.g. the
Flankers task (see Fig. 1). In the Flankers task, participantsmust identify
a central stimulus that is surrounded by severalflanking distracters (e.g.
bbbbb or bbNbb) as quickly as possible. In tasks such as this, participants
often make quick incorrect responses due to lapses in attention or the
incongruency between the central and flanking stimuli. The ERN is gen-
erated in the anterior cingulate cortex and surroundingmotor areas and
is often considered an error detection/correction (Carter and van Veen,
2007; Gehring et al., 2012; Holroyd and Coles, 2002; van Veen and
Carter, 2002) or response-conflict (Yeung et al., 2004) signal. With re-
spect to psychopathology, it has been hypothesized that the ERN may
serve as a biomarker for all internalizing disorders including depression
(Olvet and Hajcak, 2008). In support of this proposal, an enlarged ERN
has been observed in individuals with major depression (e.g. Holmes
and Pizzagalli, 2008, 2010) as well as undergraduates high in self-re-
ported sadness (e.g. Dywan et al., 2008).

Unlike the ERN, which is elicited by an internal monitoring process,
the FN is elicited by external feedback indicating an unfavorable re-
sponse. The FN is most often elicited in a gambling/guessing task in
which the participant must make a choice (e.g. determine which door
has a prize behind it) and is then rewarded for a “correct” choice (e.g.
money might be awarded for a correct guess and taken away for an in-
correct guess). The FN is thought to originate in the ACC (Gehring et al.,
2012; Holroyd and Coles, 2002) or the striatum (Foti et al., 2011); the-
orizing on the FN suggests that it signals that an event was worse than
expected or that it signals a desired event (Holroyd and Coles, 2002;
Foti et al., 2011). With respect to depression, Hajcak and colleagues
have conducted a number of studies demonstrating that depression is
related to an attenuated FN in undergraduates (Foti and Hajcak,
2009), children (Bress et al., 2012) and patients suffering from major
depression (Foti et al., 2014).

The findings reviewed above suggest that depression is character-
ized by both an enhanced ERN and a blunted FN. However, this set of
findings has proven somewhat difficult to replicate. For example, with
respect to the ERN, a number of studies have found no difference be-
tween depressed individuals and controls in both adults (Olvet et al.,
2010; Weinberg et al., 2012) and children (Bress et al., 2015) whereas
others have found that depression is associated with a reduced ERN
(Ladouceur et al., 2012; Ruchsow et al., 2004, 2006; Schrijvers et al.,
2009). Similarly, although several studies have found evidence for a re-
duced FN in depression, other work has found evidence for an enlarged
FN in depression (e.g. Mies et al., 2011; Mueller et al., 2015). Before the
ERN/FN can be applied to clinical settings, it must be determined
whether, and how strongly, they are associated with depression.

There are a number of possibilities that can potentially explain these
disparate findings. For example, the differences in findings may be at-
tributable to some untested moderator(s). Studies assessing the associ-
ation between depression and the ERN/FN have employed a variety of
different types of samples and tasks. Some have studied depressed un-
dergraduates whereas others have studied patients suffering from
major depressive disorder. Among the studies of major depressive dis-
order, some have focused on untreated patients only whereas others
have included patients receiving medication. Additionally, a number
of different tasks (e.g. Flanker, Stroop, gambling etc.) have been used
to elicit the ERN/FN. Each of these factors may have a role in explaining
these disparate findings. It is also possible that publication bias – the
tendency for smaller studies to be published only if they produce posi-
tive findings and for larger studies to be published regardless of their



Fig. 1. A: The error-related negativity (ERN) and its scalp distribution. B: The feedback negativity (FN) and its scalp distribution.
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findings –may play a role as well. Lastly, it may be that these disparate
findings can simply be attributed to a combination of sampling error
and small sample sizes.

In other words, we want to know 1) if these effects are “real”, 2)
whether there are any moderators that might affect the effect size, 3)
whether the literature base is contaminated by publication bias and 4)
given the potential clinical applications, we want to determine the
most precise estimate of the effect size possible. A meta-analysis is
well suited to evaluating these possibilities. Thus, in the present
study we aimed to meta-analytically review the literature on depres-
sion and the ERN/FN as well to evaluate the stability of this effect
across different population (e.g. students vs patients) and procedural
(e.g. type of task) moderators. Finally, the present analysis aimed to
evaluate the role of publication bias in the association between de-
pression and the ERN.

3. Step 2: conduct the literature search

Searching the literature for relevant studies is among the simplest
steps in conducting ameta-analysis but it is also among themost impor-
tant. The literature search determines which studies are eligible for in-
clusion in the meta-analysis and, therefore, the scope, validity and
generality of the meta-analysis. Having a set of clear, well-formulated
questions is critical for conducting a literature search as they will
guide the inclusion/exclusion of primary studies.

In order to locate asmany relevant citations as possible, awide range
of scientific databases should be searched. Most of these databases will
be well-known to readers, for example: EMBASE, Google Scholar,
MedLine, PsychInfo, PubMed, Scopus, andWebof Science. The Cochrane
Collaboration also includes many journals not indexed by other search
engines. To avoid publication bias, it is also desirable to expand the lit-
erature search beyond published articles. In recent years, several online
repositories have begun accepting researchers' unpublished work as
well as replication attempts. “Psych file drawer” (http://www.
psychfiledrawer.org/) is among themostwell-known but there are like-
ly to bemany depending on the discipline. Unpublishedmaster's theses
and doctoral dissertations are another source of data. Many of these can
be accessed using the ProQuest database (http://www.proquest.com/).
When searching for older articles in journals not indexed by search en-
gines, meta-analysts can supplement electronic searches with hand
searches through databases such as Index Medicus and Excerpta
Medica. Lastly, the reference sections of primary studies and existing re-
views can also serve as sources of new studies. When conducting a
meta-analysis, we recommend using as many of these sources of data
as is appropriate.

We generally believe that a meta-analyst should cast as a wide a net
as possible when searching for relevant studies. This will help increase
the generality of the findings across populations, instruments and set-
tings, increase the power of statistical tests, and increase the precision
of the estimates. However, there may be situations in which the meta-
analyst wishes to exclude certain studies. For example, primary studies
may include invalid instruments or fail to include the appropriate con-
trol group. As noted earlier, if ameta-analysis includes low-quality stud-
ies with questionable findings, the results of the meta-analysis will also
be questionable. Thus, low-quality primary studies can threaten the va-
lidity of a meta-analysis.

http://www.psychfiledrawer.org
http://www.psychfiledrawer.org
http://www.proquest.com
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In addition to differences in data quality, there may be qualitative
differences between studies thatmaymake them inappropriate to com-
bine. For example, is it appropriate to combine effects for studies that
measure the same dependent variable using different tasks (e.g. mea-
suring the conflict N2 using the Stroop task and the Flanker task)?
Should randomized controlled trials, quasi-experimental designs and
observational studies be combined in a meta-analysis? The degree to
which two studies can differ is not a statistical question; meta-analytic
methods will produce a summary effect regardless of the source of the
data. It is a substantive issue that will depend largely on the scope of
one's meta-analysis. If, for example, a meta-analyst wants to produce
a very precise estimate of the effect of conflict on the N2 in the Stroop
task, then limiting the meta-analysis to studies that examined the
Stroop task is an appropriate course of action. However, one of the pri-
mary advantages of meta-analyses is that they are able to address big-
ger-picture issues than primary studies. In this example, researchers
have used many tasks which putatively induce conflict to study the
N2 and, thus, many tasks have contributed to our understanding of con-
flict and the N2. This diversity should be represented in any meta-anal-
ysis that purports to summarize the field. Of course, there are
circumstances in which the task (or setting/population/recording
methods etc.) does systematically impact the results of a study. Another
benefit of meta-analysis is that this heterogeneity between studies can
be explicitly modeled (described below). A very narrowly-focused
meta-analysis will be unable to determine which moderating variables
are relevant to the outcome of interest. A meta-analysis that includes
a wide range of studies, on the other hand, will be better able to detect
moderators and direct future research.

There is no universally-accepted list of specific inclusion/exclusion
criteria for meta-analytic work. Indeed, such a list would be unfeasible
given that themeta-analyticmethod can be applied to awide range of re-
search questions. However, to aid interested psychophysiologists, we rec-
ommend the following broad criteria: 1) Themeta-analyst should be able
to determine the population under investigation andwhether that popu-
lation is relevant to themeta-analysis. 2) Themeta-analyst should be able
to determine which instruments/tasks were used and whether those in-
struments/tasks are appropriate to the research question. 3) The meta-
analyst should be able to determine how the study was designed and
whether the design is appropriate for the meta-analysis (e.g. whether
the appropriate control groupwas used etc.). 4) The article shouldpresent
enough information to allow for the computation of an effect size. When
this information is not readily available, the meta-analyst should attempt
to contact the corresponding author of the article. This will help ensure
that otherwise acceptable studies are not ignored due to lack of informa-
tion. Other than these basic criteria, meta-analysts should set inclusion
criteria that are appropriate to the research question(s), that are in line
with the standards of one's sub-discipline, and that are acceptable to a
skeptical scientific audience.

Regardless of the specific criteria, the literature search should be
handled in a systematic, principled, consistent and explicit manner.
Prior to beginning the literature search, the meta-analyst should deter-
mine a set of inclusion/exclusion criteria and develop a checklist/proce-
dure that coders consistently apply throughout the literature search.
Additionally, the inclusion/exclusion decision should be made indepen-
dently of other coding decisions and data extraction (see below) in
order to reduce the chance of bias. That is, because the literature search
determineswhich effect sizes do and do not get included, inconsistently
applied criteria may result in the systematic exclusion of certain effect
sizes (e.g. small effect sizes). Explicit criteria and blind coders will
help reduce the possibility of bias. Lastly, the criteria should bemade ex-
plicit in the manuscript.

During the screening process, the meta-analyst should keep a de-
tailed list of which studies were accepted, which were rejected and
the reason(s) why a given study was rejected. This information should
be presented as part of themethods. Ideally, the literature search should
be carried out by at least two, independent coders. This will allow the
meta-analyst to compute inter-coder reliability for their inclusion
criteria. If coders cannot reach an adequate level of reliability, it may
be necessary to retrain coders or amend the checklist/procedure. Addi-
tionally, should a coder miss a relevant study – as is likely to happen
when conducting a large literature search – it is possible that the second
coder will locate it. Lastly, the methods should describe how consensus
was reached when coders disagreed (e.g. discussion, deference to the
senior coder, tie-breaking vote, etc.).

3.1. Example using depression and the ERN/FN

Articles were obtained via a search of EMBASE, ProQuest, PubMed,
PsycInfo, Scopus, Web of Science, Google Scholar and Psych Filedrawer
databases. We crossed the following search terms – depression, major
depressive disorder, depressive episode, and depress* – with error-re-
lated negativity, ERN, feedback negativity, FN, action-monitoring and
response-monitoring. The references sections of all empirical and re-
view articles were systematically searched for additional articles.

3.2. Study selection

Studies were included in the meta-analysis if: 1) The study was
available through one of the search databases and printed in the English
language. 2) The study included either participantswho received a diag-
nosis of depression using the DSM or ICD classification systems or par-
ticipants who completed a self-reported measure of depression. 3)
Either the response-locked ERN or stimulus-locked FN was recorded.
And 4) the study reported enough information to allow for the compu-
tation of an effect size. The study selection process is depicted in Fig. 2.
These criteria resulted in a total of 28 effect sizes (N=1757 individuals)
for the ERN and 18 effect sizes (N = 878 individuals) for the FN.

4. Step 3: code studies and extract data

Once the meta-analyst has settled on a list of studies, coders must
extract the relevant information including effect sizes and important
study characteristics such as population, setting, task, recording param-
eters (psychophysiological recording system, filter settings etc.) and
any other information that is relevant given the research question.
This information can be used both to simply describe the studies
under investigation aswell as to test for potential moderating variables.

The specific variables that a meta-analyst codes, as well as the defini-
tion of that variable (e.g. how is a given population defined?)will depend
on the substantive research question and the sub-discipline. Herewe pro-
vide general guidelines for coding studies. 1) A checklist/procedure
should be established that provides a list of relevant variables as well as
explicit definitions for those variables. Variables and definitions should
be presented in the finished meta-analysis. 2) At least two researchers
should code each study in order to establish reliability or, if that is not pos-
sible, a second researcher should code at least a subset of the studies. 3) If
an adequate level of inter-coder reliability cannot be attained, the coders
should be retrained or the procedure should be refined. Inter-coder reli-
ability should be presented in the finished meta-analysis. 4) Coding
study characteristics should be done prior to or independently from com-
puting effect sizes to ensure that coding decisions are not influenced by
study results. Lastly, 5) the variables, definitions and coding procedures
should satisfy a skeptical scientific audience.

Once studies have been coded, the results must be transformed to a
commonmetric.When all studies use the sameunits and those units are
easily interpretable, then the meta-analyst may simply synthesize the
raw data. For example, a meta-analyst may wish to estimate the extent
to which earning a bachelor's degree influences one's income; in a situ-
ation like this, it is possible that all studies will report their effects in
terms of a common currency. In most cases, however, a meta-analyst
will be required to combine data from studies reporting on a variety of
dependent measures. In these cases, it is useful to convert the results



Fig. 2. A flowchart of the literature search and study selection process for the meta-analysis.
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to a standardized effect size. The right effect size for a given meta-anal-
ysis will be dependent on the substantive question as well as the stan-
dards of one's sub-discipline. Given that many psychophysiologists are
interested in differences between experimental conditions, naturally
existing groups, and in correlations between a psychophysiological
measure and some external measure, we will focus on Cohen's d and
Pearson's r.

In some cases, extracting these effect sizes will be quite straightfor-
ward; for example, many researchers will simply present them in the
primary study. However, many researchers will not and effect sizes
will have to be computed from other, sometimes incomplete, informa-
tion. In general, a meta-analyst will need enough information to be
able to compute both an effect size for each study and ameasure of var-
iance for that effect size. To compute these, the meta-analyst will need
some/all of the following information:

1) The direction of the effect (i.e. is the effect in the expected direction
or in the opposite direction).

2) The sample size.
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3) Means and a measure of variance (i.e. standard deviation, standard
error etc.). Note that this is only sufficient for between-subjects de-
signs. Means and standard deviations are not sufficient to compute
effect sizes for within-subjects designs because of the dependence
betweenmeans. The correlation between thewithin-subjects condi-
tions is also needed (see Supplemental Materials).1

4) A t, F, r or d value. Note that, when two groups/conditions are being
compared, t ¼

ffiffiffiffi
F

p

5) A p value.

In order to aid researchers in computing standardized effect sizes
from heterogeneous primary studies that may not all provide the
same information, the Supplemental Materials present common
methods for computing Cohen's d and Pearson's r.

4.1. Computing effect sizes from p values

Occasionally, rather than presenting the full results of a statistical
test, researchers may only present a p value. In such cases it is possible
to work backwards and compute the test statistic from the p value.
This can be accomplished relatively easily by using the inverse t distri-
bution function available in many statistical software packages (e.g.
Microsoft Excel). However, this issue is complicated when the authors
of primary studies present summary non-significant effects. For exam-
ple, a researcher may report: “All other correlations with the N2 were
non-significant (ps N 0.2).” In this case, we know the effect is non-signif-
icant but do not have enough information to compute an exact effect
size. When this occurs, it may be necessary to exclude the effect from
the meta-analysis; however, doing so may result in non-significant
(i.e. smaller) effects being systematically excluded from the meta-anal-
ysis. In such cases, the first course of action should be to contact the cor-
responding author and request the missing data. For cases in which 1)
the effect is reported as non-significant, 2) the direction, but not the
magnitude, of the effect can be determined and 3) contacting the corre-
sponding author is unsuccessful, we recommend assuming that p =
0.50 (see Cooper and Hedges, 1994 for a discussion of this issue).
While not ideal, this will help ensure that non-significant effects are
represented in the meta-analysis. As an example, let us assume that
the author of a primary study wrote the following: “The correlation be-
tween anxiety and the N2 was positive but not significant (N = 25,
p N 0.2).” In order to compute the correlation, we will assume p =
0.50. Using the inverse t distribution function in Microsoft Excel with
23 degrees of freedom, we can compute the associated t value as
0.685. Then, using the formulae presented in Supplemental Materials,
we can convert the t value to a correlation: r = 0.141.

4.2. A note on Cohen's d

Cohen's d, as presented above, is a biased estimate of the population
effect size. That is, it reliably overestimates the magnitude of the group
difference – particularly when the sample size is small. Hedges (1981)
first noted this tendency and developed a method to correct for it –
known as “Hedges' g”. Interested readers may see Hedges (1981) for
full computational details; however, Hedges' g can be very closely ap-
proximated as follows:

g ¼ d� 1−
3

4� df−1

� �

where d = Cohen's d (uncorrected), and df = the degrees of freedom.
1 Combining Cohen's d across between- andwithin-subjects comparisons is only advis-
able under certain conditions. We recommend reading Morris and DeShon (2002) for a
detailed discussion of this issue.
4.3. An example using depression and the ERN/FN

For all eligible articles, we coded the following information:
1) The ERP component recorded in the study: response-locked ERN

or stimulus-locked FN.
2) The type of task that was used to elicit the ERP component.
3) The participant population: patients vs individuals who complet-

ed self-report measures of depression.
4) The type of stimuli: whether the stimuli included affective mate-

rial (e.g. angry faces) or not.
5) Medication status: whether the patient group included individ-

uals receiving medication.
6) Comorbid anxiety: whether the patient group included individ-

uals with comorbid anxiety. Given the high comorbidity rates, if this in-
formation could not be determined, it was assumed that the depressed
group did include comorbid anxiety.

7) The age of the sample:whether the sample consisted of adults (18
and older) or children (17 and younger).

8) The scoring method: whether the ERN/FN was computed from
error/loss trials alone or as the difference between error/loss and cor-
rect/gain.

The characteristics of each of the included studies are presented in
Table 1 for the ERN and Table 2 for the FN.

4.4. The following decisions were made when coding the primary studies

1) Whenmultiple time-points were collected (e.g. pre- and post-treat-
ment), only the first time-point was included in the meta-analysis.

2) When studies involved a comparison of ERNs/FNs for affectively-
neutral material with ERNs/FNs for affective material, only the neu-
tral condition was included.

3) When results frommultiple fronto-central electrodeswere reported,
we computed an effect size that represented the average of the effect
sizes for those electrodes.

4) When an effect was reported as non-significant and the information
required to compute an effect size could not be obtained, we esti-
mated an effect size assuming p=0.5 in order to ensure non-signif-
icant results were not ignored (Cooper and Hedges, 1994).

One author conducted a full extraction of all data; two authors inde-
pendently verified accuracy. The average inter-coder agreement was
high (M Cohen's κ = 0.92; Range: 0.67–1.0). Disagreement among
coders was resolved by discussion.

4.5. Computing effect sizes

The focal effect size for this analysis was Hedges' g. Effect sizes were
coded such that a positive value indicates that depressed individuals
were characterized by a greater (i.e. more negative) ERP deflection
and negative values indicate that depressed individuals were character-
ized by a reduced (i.e. less negative) deflection. Details regarding the in-
formation extracted from each study and the resulting effect sizes can
be found in Tables 1 and 2.

5. Step 4: synthesize effect sizes/assess heterogeneity

Once effect sizes have been computed for each study, the individual
effects must be synthesized. There are many statistical models with
which effects can be synthesized; the current article will focus on two
of themostwidely used:fixed effects and randomeffects (FE and RE, re-
spectively) models. When combining effect sizes, the meta-analyst will
note that, just like the results of individual participants, the results of in-
dividual studies are variable – often substantially so. The major differ-
ence between FE and RE models concerns the source of this variability.
The FE model assumes that there is a single effect size underlying the
observed effects sizes in each study and that the only source of



Table 1
Characteristics and effect sizes for studies reporting on the ERN.

Study Age Med. Comorbid Population Task Stimuli Measure Data presented g

Aarts et al. (2013) Adult Yes Yes Clinical Go/no-go Neutral ΔERN HC:
M = 0.7,
SEM = 0.9,
N = 20
Dep:
M = 2.09,
SEM = 0.8,
N = 20

0.36

Alexopoulos et al. (2007) Adult Yes Yes Clinical Go/no-go Affective ERN HC:
M(Fcz) = −3.27,
SD(Fcz) = 2.7;
M(Cz) = −2.27, SD(Cz) = 2.5;
N = 6
Dep:
M(Fcz) = −5.22,
SD(Fcz) = 1.3;
M(Cz) = −4.93,
SD(Cz) = 1.5;
N = 6

1.02

Bress et al. (2015) Child NA NA SR Flanker Neutral ERN r = 0.26; N = 25 0.52
Chang et al. (2010) Adult NA NA SR Flanker Neutral ERN Peak: r = −0.26

Peak-to-peak:
r = 0.20, N = 32

0.46

Chiu and Deldin (2007) Adult Yes Yes Clinical Flanker Neutral ERN HC: N = 17
Dep: N = 18
F = 4.6

0.71

Compton et al. (2008) Adult NA NA SR Stroop Both ERN F b 1, N = 34
Assumed p = 0.5

0.24

Dywan et al. (2008) Adult NA NA SR Source
monitoring

Neutral ERN r(Fz) = 0.62
r(FCz) = 0.68
r(Cz) = 0.66
N = 32

1.68

Endrass et al. (2014) Adult Yes Yes SR Flanker Neutral ERN r = −0.40, N = 72 0.86
Georgiadi et al. (2011) Adult Yes No Clinical Go/no-go Neutral ERN Acute vs. HC comparison not presented. N = 34,

assumed p = 0.5
−0.23

Grundler et al. (2009) Adult NA NA SR Flanker Neutral ΔERN r = 0.32, N = 36 0.66
Holmes and Pizzagalli
(2008)

Adult No Yes Clinical Stroop Affective ERN HC:
M = −1.42
SD = 1.69
N = 18
Dep:
M = −2.74
SD = 1.83
N = 18

0.73

Holmes and Pizzagalli
(2010)

Adult No Yes Clinical Stroop Affective ERN HC:
M = −2.94
SD = 1.77
N = 17
Dep:
M = −4.65
SD = 2.86
N = 13

0.72

Kalayam and Alexopoulos
(2003)

Adults Yes Yes Clinical Stroop Neutral ERN HC:
M(left) = −4.84
SD(left) = 1.84
M(right) = −6.58
SD(right) = 2.91
N = 13
Dep:
M(left) = −8.12
SD(left) = 4.01
M(right) = −4.90
SD(right) = 2.51
N = 9

0.25

Ladouceur et al. (2012) Child No Yes Clinical Flanker Neutral ΔERN HC: N = 14
Dep: N = 24
F = 10.76

−1.08

Moran et al. (2012) Adult NA NA SR Flanker Neutral ERN r = 0.09, N = 146 0.18
Olvet et al. (2010) Adult No Yes Clinical Flanker Neutral ERN HC:

M = −2.14
SD = 1.65
N = 22
Dep:
M = −2.31

0.17

(continued on next page)
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Table 1 (continued)

Study Age Med. Comorbid Population Task Stimuli Measure Data presented g

SD = 1.93
N = 22

Ruchsow et al. (2004) Adult Yes No Clinical Flanker Affective ΔERN Not provided;
assumed p = 0.5

−0.24

Ruchsow et al. (2006) Adult Yes No Clinical Flanker Neutral ΔERN Not provided;
assumed p = 0.5

−0.30

Schoenberg (2014) Adult Yes Yes Clinical Go/no-go Neutral ERN HC:
M(male) = −13.3
SD(male) = 7.2
M(female) = −7.9
SD(female) = 5.5
N = 26;
Dep:
M(male) = −6.8
SD(male) = 5.7
M(female) = −9.4
SD(female) = 7.8
N = 55

−0.25

Schrijvers et al. (2008) Adult Yes Yes Clinical Flanker Neutral ERN HC: N = 25
Dep: N = 26
F = 1.18

−0.30

Schrijvers et al. (2009) Adult Yes Yes Clinical Flanker Neutral ERN HC:
M(Fz) = −9.7
SD(Fz) = 5.5
M(Cz) = −8.5
SD(Cz) = 3.9
N = 15
Dep:
M(Fz) = −8.6
SD(Fz) = 5.0
M(Cz) = −7.8
SD(Cz) = 4.7
N = 15

−0.18

Tang et al. (2013) Adult Yes Yes Clinical Flanker Neutral ERN HC: N = 24
Dep: N = 19
F = 5.68

0.72

Weinberg et al. (2016b) Adult NA No Clinical Flanker Neutral ERN HC:
M = −0.24
SD = 6.42
N = 55
Melancholic:
M = 3.02
SD = 10.53
N = 17
Dep:
M = 1.21
SD = 9.96
N = 33

Melan.:
−0.43

Dep:
−0.18

Weinberg et al. (2010) Adult Yes NA NA Flanker Neutral ERN r = −0.52, N = 35 1.19
Weinberg et al. (2012) Adult No Yes Clinical Flanker Neutral ERN HC:

M = 4.18
SD = 7.74
N = 36
Dep:
M = 3.32
SD = 5.72
N = 23

0.12

Weinberg et al. (2016a) Child NA NA SR Flanker Neutral ERN r = 0.10, N = 515 −0.20
Weinberg et al. (2015) Adult Unknown Yes Clinical Flanker Neutral ERN HC:

M = 0.38
SD = 5.43
N = 56
Dep:
M = −0.66
SD = 5.57
N = 62

0.19

Key: Adult: Studies including participants age 18 and over; Child: Studies including participants below 18; SR: Studies using self-report measures of depression; Clinical: Studies using
diagnoses of depression;Neutral: Studies using neutral stimuli; Affective: Studies using affective stimuli; ERN: Studies reporting on brain activity recorded following errors;ΔERN: Studies
reporting on the difference wave between error and correct trials.
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variability between studies is sampling error. The RE model, on the
other hand, assumes that observed studies are being drawn from a pop-
ulation of possible studies and the meta-analysis aims to estimate the
mean of this population.
The choice of model is not trivial. Using the FE model under condi-
tions inwhich the REmodel would bemore appropriate has two prima-
ry consequences. First, the summary effect will be incorrect –
specifically, it will be unduly influenced by large studies. Since the FE



Table 2
Characteristics and effect sizes for studies reporting on the FN.

Study Age Population Task Data presented g

Bress et al. (2012) Child SR Gambling r = 0.38, N = 64 −0.81
Bress et al. (2013) Child Clinical Gambling HC: N = 52

Dep: N = 16
t = 2.04

−0.58

Bress et al. (2015) Child SR Gambling r = 0.54, N = 25 −1.24
Foti and Hajcak (2009) Adult SR Gambling r = 0.23, N = 85 −0.53
Foti et al. (2014) Adult Clinical Gambling HC:

M = −4.90
SD = 3.43
N = 42
Dep:
M = −2.69
SD = 4.39
N = 34

−0.56

Grundler et al. (2009) Adult SR Prob.
Learning

Study 1:
r = −0.39, N = 39
Study 2:
r = −0.07, N = 30

Study 1:
−0.83
Study 2:
−0.14

Liu et al. (2014) Adult Clinical Gambling HC:
M = −7.89
SD = 4.91
N = 27
Dep:
M = −0.66
SD = 4.67
N = 27

−1.49

Mies et al. (2011) Adult Clinical Time estimation HC: N = 28
Dep: N = 15
F = 7.94

0.94

Mueller et al. (2015) Adult Clinical Reinforce.
Learning

HC:
M = 0.57
SEM = 0.41
N = 15
Dep:
M = 1.75
SEM = 0.24
N = 14

0.88

Padrao et al. (2013) Adult SR Gambling HC: N = 22
Dep: N = 21
t = 1.44

0.43

Peng et al. (2015) Adult SR Time estimation Not provided
assumed p = 0.5

0.22

Ruchsow et al. (2004) Adult Clinical Flanker Not provided;
assumed p = 0.5

0.24

Ruchsow et al. (2006) Adult Clinical Flanker Not provided;
assumed p = 0.5

−0.30

Santesso et al. (2008) Adult Clinical Reinforce.
Learning

HC: N = 15
Dep: N = 12
F = 7.5

1.03

Tucker et al. (2003) Adult Clinical Spatial compatibility HC: N = 27
Dep: N = 20
F = 3.68

0.86

Weinberg and Shankman (in press) Adult Clinical Gambling HC:
M = −4.28
SD = 3.69
N = 81
Melancholic:
M = −2.01
SD = 3.35
N = 29
Dep:
M = −4.61
SD = 3.87
N = 56

Melancholic:
−0.62

Dep:
0.09

Key: Adult: Studies including participants age 18 and over; Child: Studies including participants below 18; SR: Studies using self-report measures of depression; Clinical: Studies using
diagnoses of depression.
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model assumes that the only source of variability is sampling error, the
FE model assigns very high weights to studies with large sample sizes.
Thus, a few large studies can dominate the summary effect whereas
smaller studies are virtually ignored. In the RE model, on the other
hand, smaller studies are assigned higher weights (relative to the FE
model) and receive more representation in the meta-analytic mean.
Second, the standard error will be underestimated. Within the FE
model, the standard error of themeandepends on thewithin-study var-
iance. In contrast, the standard error in the RE model depends on both
thewithin-study variance and the between-study variance. Thus, unless
there is very little variability between studies, the RE standard error will
be larger than the FE standard error. Underestimating the standard



Table 3
Moderator analyses for the error-related negativity.

Moderator g 95% CI k N p Q (df) p

Population 1.97 (1) 0.16
Patient 0.07 −0.16; 0.29 19 830 0.57 – –
Student 0.37 0.01; 0.73 7 820 0.04 – –

Task 1.91 (2) 0.39
Flanker 0.13 −0.08; 0.34 19 1436 0.22 – –
Go/no-go 0.09 −0.39; 0.57 4 167 0.71 – –
Stroop 0.50 0.01; 0.99 4 122 0.05 – –

Affect 1.09 (1) 0.30
Affective 0.44 −0.03; 0.92 5 144 0.07 – –
Neutral 0.17 −0.03; 0.37 23 1613 0.10 – –

Medication 0.76 (1) 0.78
On 0.18 −0.15; 0.52 12 472 0.28 – –
Off 0.27 −0.20; 0.74 6 242 0.25 – –

Scoring 2.11 (1) 0.15
ERN 0.27 0.07; 0.48 23 1591 0.01 – –
ΔERN −0.11 −0.57; 0.36 5 166 0.66 – –

Age 3.87 (1) 0.05
Adult 0.27 0.08; 0.46 25 1179 0.01 – –
Child −0.28 −0.80; 0.24 3 578 0.29 – –
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error means 1) that significance tests are more likely to produce signif-
icant results – even spuriously – and 2) that confidence intervals will be
too narrow and will yield a false sense of precision in the estimate.

How should a meta-analyst choose between FE and RE models? This
decision should be made on both statistical and theoretical grounds. Sta-
tistically, the FEmodel assumes that all variability between studies is due
to sampling error. Thus, if measures of heterogeneity (described below)
indicate substantial variability – especially variability beyondwhat is pre-
dicted by sampling error – then it is likely that the FEmodel is inappropri-
ate. However; measures of heterogeneity should not be the sole criterion
onwhich thedecision is based; somemeasures of homogeneity are signif-
icance tests thatmay be underpowered to detect between-study variabil-
ity. Thus the choice of amodel should also be justified theoretically – that
is, does themodelmatch our understanding of the underlying effect? If all
studies were conducted using the same task, types of stimuli, participant
population and psychophysiological recording equipment and proce-
dures, then the FE model may be appropriate. If studies differ on these
(or other) key dimensions, then it is likely that the RE model is more ap-
propriate. When in doubt, we recommend the use of the RE model. As
noted before, the FEmodel assumes that a single population effect under-
lies the individual effects whereas the RE model allows the effect to vary
(but does not assume that itmust vary).Mathematically, the REmodel re-
duces to the FE model as the between-study variability approaches zero.
Thus, there is no cost to using the RE model; when variability is high, it
will be more accurate than the FE model and when variability is low it
will be nearly identical to the FE model.

In addition to determining the summary effect; researchers are often
interested in estimating how stable an effect is across different studies
(i.e. across populations, tasks, etc.). Thus, it is often useful to present
measures of heterogeneity. While there are several measures of hetero-
geneity, this article will focus on threemeasures which index between-
study variability above-and-beyond what would be expected by sam-
pling error: Q, meta-regression and I2.

Q is a standardized measure of the variability between studies (see
Borenstein et al., 2009). Q typically has two general uses: first, it can
be used to determine if the between-study variability for the entire
sample of studies is greater than what sampling error would predict.
When used this way, Q follows a chi-square distribution with k − 1
degrees of freedom, where k is the number of studies, and the meta-
analyst would treat this like a standard significance test. Second, the Q
test can be used to test the null hypothesis that effect sizes are the
same across some hypothesizedmoderating variable. For example, sup-
pose a researcher was interested in determining whether an effect was
similar for men and women. The Q test could be used to determine
whether the difference in effect sizes for men and women was greater
than would be predicted by sampling error. When used in this way, Q
still follows a chi-square distribution with k − 1 degrees of freedom;
but k is now the number of groups being compared (k = 2 in the this
example).When the potentialmoderating variable is continuous, rather
than categorical, the significance of themoderator can be assessed using
a “meta-regression” – essentially aweighted regression analysis. For ex-
ample, the “decline-effect” can be evaluated by using the year of publi-
cation to predict effect sizes.

In addition to testingwhether the between-studies variability is statisti-
cally significant, a researcher may want an index of the overall size of
the variability. In such cases, I2 is a useful measure. I2 is the percentage of
“real” variation between effects – that is, the percentage of between-study
variance that is not attributable to sampling error. As a rule of thumb,
Higgins et al. (2003) proposed that I2 values of 25, 50 and 75 should be
used as cutoffs for low, medium and high variability, respectively.

5.1. Example using depression and the ERN/FN

The included studies involved a number of different participant pop-
ulations, depression assessment instruments, cognitive tasks and EEG
recording hardware and parameters. Additionally, effect sizes for both
the ERN (I2 = 67.41; Q (27) = 82.85, p b 0.001) and FN (I2 = 81.05;
Q (17) = 89.70, p b 0.001) were very heterogeneous. Thus, effect sizes
were pooled using the random-effects model to allow for heterogeneity
between studies. All computations were conducted using Comprehen-
sive Meta-Analysis Software and G*Power Software.

5.2. ERN – summary effect

Overall, the association between depression and the ERNwas statis-
tically significant and relatively small (g=0.21; k= 28; p= 0.03; 95%
CI: 0.02; 0.40). The ERNs of depressed individuals was approximately a
fifth of a standard deviation larger (i.e. more negative) than the ERNs of
control participants.

5.3. ERN – moderator analyses

Moderator analyses for the ERN are presented in Table 3. Most of the
moderator analyses did not reach significance. However, it is notewor-
thy that effect sizes did differ markedly across many of the moderators.
For example, although not significant, effects were largest for student
samples (relative to patient samples), the Stroop task (relative to the
Flanker and go/no-go tasks), and studies that reported the ERN (relative
to the difference wave). Interestingly, there was a significant effect of
age (p = 0.049). Effect sizes for adults and children were of roughly
equal magnitude but in opposite directions. Lastly, we used the year of
publication to predict Hedges' g to assess for the “decline effect” as
well as to demonstrate a meta-regression. This regression produced an
intercept of 32.92 and a slope of−0.02; the regression was not signifi-
cant (Q (1)= 0.45, p=0.50). Thus, there was no evidence for a decline
effect in these data.

5.4. FN – summary effect

Overall, FNswere smaller (i.e. less negative) in depression. However,
the effect was small and not significant (g=−0.14; k= 18; p= 0.39;
95% CI: −0.47; 0.18).

5.5. FN – moderator analyses

Given the small number of studies, the only moderators we tested
for the FN were Population, Type of Task and Age. These are shown in
Table 4. The type of task that was used was a significant moderator for
the FN. Studies using a version of the gambling/guessing task found
that depression predicted a smaller (less negative) FN whereas studies
using other tasks (e.g. probabilistic learning tasks) found that



Table 4
Moderator analyses for the feedback negativity.

Moderator g 95% CI k N p Q (df) p

Population 1.37 (1) 0.24
Patient 0.02 −0.41; 0.44 11 554 0.94 – –
Student −0.39 −0.92; 0.14 7 324 0.19 – –

Task 10.27 (1) 0.001
Gambling −0.56 −0.93; −0.19 9 581 0.003 – –
Other 0.34 −0.07; 0.73 9 297 0.10 – –

Age 0.95 (1) 0.33
Adult −0.44 −0.87; −0.01 6 424 0.04 – –
Child −0.83 −1.49; −0.17 3 157 0.01 – –
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depression non-significantly predicted a larger (more negative) FN.
Population was not a significant moderator but the effect was notably
larger for studies including non-clinical samples. Lastly, we initially
aimed to test the effects of age across the entire sample. However, age
was partially confounded with task – studies with children used the
gambling task. Given that other tasks produced effects in the opposite
direction, the moderator test for age focused only on studies using the
gambling task. This analysis did not find evidence for moderation by
age.

6. Step 5: assess for threats to validity

As with any statistical procedure, the results of a meta-analysis are
only as good as the quality of the original data and the methodology
employed by the researcher. Meta-analysis can be a powerful tool for
summarizing a literature and for answering broader questions than
any primary study; however, problems with the available data and the
meta-analytic techniques can result in severely distorted findings.
Thus, just as manipulation checks are necessary in many primary stud-
ies, assessing for threats to validity are needed inmeta-analysis.Many of
these threats have already been implicitly addressed. For example, Step
2 described excluding poorly conducted studies and Step 4 described
choosing the correct model for the data. This section focuses on two ad-
ditional issues: statistical power and publication bias.

6.1. Statistical power

Power refers to the probability that a significance test will detect a
significant effect when that effect is actually present. The procedure
for conducting power analyses and the use of a power analysis are
very similar across primary studies and meta-analyses. First, it is often
useful to conduct a power analysis prior to beginning data collection
or searching the literature as part of the study-planning phase (see
Larson and Carbine, in press). To do so, the meta-analyst will need to
first determine a target effect size (i.e. determine an effect size that
they expect to find in the literature). There are a number of ways to
do this. For example, a meta-analyst could compute a mean effect size
for a small subset of studies in order to estimate what themeta-analytic
effect will be. Alternately, meta-analysts could use rules of thumb for ef-
fect size magnitudes (e.g. small/medium/large values for Cohen's d;
Cohen, 1988) and estimate the necessary number of studies to achieve
high power for typical effect size magnitudes in their field.

Second, non-significant effects in meta-analysis, as in primary stud-
ies, need to be interpreted in the light of the study's power. That is, if a
small meta-analysis fails to find an effect, it could reasonably be argued
that the meta-analysis was simply underpowered. In situations such as
these, researchers will often compute the power to detect the achieved
effect size. However, demonstrating that a non-significant test had low
power to detect the achieved effect is simply a restatement of the signif-
icance test. A more useful procedure would be to determinewhat effect
sizes themeta-analysis was sufficiently powered to detect and whether
effect sizes smaller than that are theoretically or practically important.
So far, the discussion of power analysis as focused only on detecting
main effects. It is also possible to conduct a power analysis for tests of
heterogeneity and moderation. We direct interested readers to the fol-
lowing texts that address this issue in more detail: Hedges and Pigott
(2001, 2004).

6.2. Publication bias

Publication bias occurs when the published literature on a given
topic systematically differs from the population of all studies conducted
on that topic. For example, psychologists are becoming increasingly
aware that studies with small effects (or effects in the “wrong” direc-
tion) and, therefore, non-significant findings, are less likely to be pub-
lished. The net result of publication bias is that the published
literature will tend to overestimate the population effect size, some-
times dramatically. There is no universally-recognized gold standard
for assessing publication bias. Therefore, this sectionwill describe sever-
al commonly-used metrics for determining whether publication bias is
present and how to address publication bias when conducting a meta-
analysis.

6.3. Funnel plot

Manymodernmethods for detecting publication bias involve exam-
ining a funnel plot. Fig. 3 displays example funnel plots created using
fictional data. The effect size for each individual study is plotted on the
X-axis and the standard error for that effect size is plotted on the Y-
axis. Note that the Y-axis for funnel plots, like the Y-axis for many ERP
studies, is inverted. Large N studies (i.e. those with small standard er-
rors) cluster near the top of the graph whereas smaller studies spread
across the bottom of the graph due to larger sampling variability. The
meta-analytic mean, g = 0.35, is marked by the vertical line. When no
publication bias in present, effect sizes should be dispersed symmetri-
cally around the mean. This is because sampling error is expected to
have a mean of zero. When a meta-analysis is contaminated with pub-
lication bias, however, this is not the case. Effects sizes are expected to
be symmetrical only for large N studies because these studies may be
published even if the finding is non-significant (e.g. the authors may
have shown that their statistical power was more than sufficient). For
smaller studies, large effect sizes are likely to be published whereas
smaller effect sizes may be rejected due to insufficient power. Thus,
publication bias will often result in an asymmetrical funnel plot such
that studies with small sample sizes and small effect sizes will be sys-
tematically missing. This is evident in panel A of Fig. 3. While studies
with large Ns/small standard errors are roughly symmetrical around
themean, studies with both small Ns and effect sizes are notably absent.

Although the asymmetry in Fig. 3 is obvious, it may be very difficult
to detect by visual inspection in real datasets. There are currently two
commonly-used objective tests for detecting the asymmetry. Both rely
on the fact that the asymmetrical distribution of effect sizes produced
by publication bias results in a correlation between the magnitude of
an effect and its standard error (see Fig. 3; panel A). First, Kendall's τ
(tau) tests this relationship directly and can be interpreted like a corre-
lation. Values differing significantly from0 indicate the presence of bias.
For the dataset presented in Fig. 3, Kendall's τ = 0.43, p b 0.001 which
suggests that the effect size tends to increase along with the standard
error. Second, Egger's test (Egger et al., 1997) produces a regression in-
tercept. Since each effect size is also normalized, the expected intercept
is 0; significant deviations from 0 are taken as evidence of bias. For the
example dataset, Egger's intercept = 2.07, p b 0.001. Meta-analysts
should note that Kendall's and Egger's tests are generally low-powered;
thus, non-significant findings should be interpreted with caution and in
the light of other tests.

In addition to determining whether publication bias is present, re-
searchers may also be interested in determining the extent to which
publication bias is influencing the results. Duval and Tweedie's trim



Fig. 3. A: A funnel plot depicting publication bias in the fictional dataset. B: A funnel plot depicting the fictional data set following Duval and Tweedie's trim and fill procedure. Unfilled
circles represent observed studies whereas filled circles represent imputed studies. Note that the y-axis of a funnel plot is inverted.
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and fill procedure accomplishes this by iteratively removing the studies
with the largest effects and smallest Ns and re-computing the mean.
This procedure continues until the studies are approximately symmetri-
cal around the mean. The new mean produced by this procedure is ex-
pected to be unbiased; however, removing the extreme studies
artificially decreases the between-study variance. To deal with this,
the procedure also adds the trimmed studies back in and then “fills” in
themissing studies by adding in themirror-image of the original studies
across the mean. This is shown in panel B of Fig. 3. The procedure iden-
tified 14 studies to be trimmed and filled. The new studies have been
imputed and the meta-analytic mean has been reduced slightly (g =
0.28). This example also demonstrates that the mere presence of publi-
cation bias is not enough to nullify an effect; the change in themeta-an-
alytic mean may be small, as it was in this case.

6.4. Excess significance

Evenwhen an effect is real and reliable, a given studymay still fail to
produce significant results – often called a “Type II Error”. That is, even
true effects should fail to replicate some of the time. The probability
that a studywill successfully detect an effect is dependent onmany fac-
tors; themost important of which (for the current discussion) is power.
Studies should only detect effects at a rate that is consistent with their
power to do so.

As an example, imagine a researcher who is interested in examining
the size of the ERN acrossmen andwomen. The population effect size in
this example is d=0.66. Data from19men and 19women are collected
and a significant difference is found. Before publishing her finding, the
researcher decides to replicate the finding in an independent sample
of 19 men and 19 women; however, this study fails to reach signifi-
cance. What are we to make of this failed replication? A simple power
analysis tells us that a sample size of 38 results in approximately 50%
power to detect a population effect of d = 0.66 – that is, whether
these studies would detect a significant effect was, essentially, a coin
flip. Thus, one significant finding and one non-significant finding is con-
sistent with what we should expect to find given the power of these
studies. Now imagine that this researcher decides to consult the pub-
lished literature and see if other researchers have reported on sex differ-
ences in the magnitude of the ERN. She finds 10 studies. All of which
report on 19 men and 19 women; since all of these studies have 50%
power, we should expect that only approximately 5 of the studies will
report significant effects. However, 9 out of the 10 report significant re-
sults. In a situation such as this – i.e. when the literature consists ofmore
significant findings than power allows – it might be the case that other,
non-significant, studies were conducted but never published.

Ioannidis and Trikalinos (2007) leveraged the fact that studies
should occasionally fail to replicate to develop a procedure for detecting
excess success. This procedures compares the observed number of sig-
nificant findings with the expected number of significant findings
based on the power. Determining the observed number of significant
findings is quite straightforward – the meta-analyst can simply count
the number of significant findings in the literature. Determining the ex-
pected number of significant findings requires first computing the
power for each study. Unless themeta-analyst knows the population ef-
fect size, the best estimate of the population effect size is themeta-ana-
lytic effect size. The expected number of significant findings can then be
computed as the sum of each study's power. Lastly, the excess in signif-
icant studies can be tested using a chi-square test or a binomial test (es-
pecially when the number of studies is small).

In the example presented above, 9 out of 10 studies produced a sig-
nificantfindingwhereas the expected number of significantfindings is 5
(i.e. 0.5 + 0.5 + 0.5 + 0.5+ 0.5 + 0.5 + 0.5+ 0.5 + 0.5 + 0.5). Given
there were only 10 studies, we submitted these findings to a binomial
test; this indicated that there were more significant findings than one
would expect based on power (z = 2.21, p = 0.02).
6.5. Unpublished studies

Lastly, it may be possible to reduce the impact of publication bias by
expanding one's literature search beyond the published literature. As
noted earlier, there are a number of repositories hosting unpublished
work (e.g. “Psych file drawer”) as well as unpublished master's theses
and doctoral dissertations (ProQuest). Including unpublished work al-
lows a meta-analyst to directly assess whether published and unpub-
lished work systematically differ. Assuming that the unpublished
studies meet the other inclusion criteria and quality-control criteria,
we strongly recommend including unpublishedwork in ameta-analysis
whenever possible.
6.6. Example using depression and the ERN/FN

We calculated the power for our meta-analyses as a function of
Hedge's g and the ERP component. As shown in Fig. 4, the present
meta-analysis had sufficient power (≥80%) to detect significant values
of g ≥ 0.26 for the ERN.With respect to the FN, the presentmeta-analysis
had sufficient power to detect significant values of g ≥ 0.46. For values of
g below0.46, the presentmeta-analysis could be considered underpow-
ered. Interested readers will need to determine whether effects below
0.46 are of theoretical and clinical importance – especially considering
that primary studies will need to include 76 control and 76 depressed
participants to achieve 80% power based on this analysis. However,
this finding should be interpreted with caution given the largemodera-
tor effect reported in the previous section.

Fig. 4 also demonstrates one of the strengths of meta-analyses: in-
creased power. On average, the primary studies had sufficient power
to detect effects of g N 0.90 and g N 0.80, for the ERN and FN, respectively
(compared to 0.26 and 0.46 for the meta-analyses).



Fig. 4. Power analysis for themeta-analyses and the primary studies. The grey broken line
highlights the range of g values for which 80% power would be achieved.
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6.7. Publication bias

All indices of publication bias agreed that the association between
depression and the ERN has been contaminated by publication bias.
Both Kendall's tau (τ = 0.27, p = 0.04) and Egger's intercept (B =
1.78, p= 0.01) were significant indicating that effect sizes were gener-
ally smaller when studies had greater sample sizes.

Based on the power of each study to detect an effect of g=0.21, we
would expect 3.55 studies to reach significance. However, 8 of the effect
sizes that we computed reached significance. Both a binomial test (z=
2.24, p=0.01) and a chi-square test (χ2(1)= 6.35, p=0.01) indicated
that these 8 findings are more than we would expect based on the
power.

Lastly, Duval and Tweedie's trim and fill procedure indicated that 5
studies would be necessary to make the funnel plot symmetrical (see
Fig. 5). Once those 5 studies were imputed, the meta-analytic effect
was substantially reduced (g = 0.06, 95% CI: −0.13; 0.26). Overall
then, multiple metrics converge to indicate the presence of publication
bias with respect to the ERN. Furthermore, when we attempted to cor-
rect for the bias using Duval and Tweedie's trim and fill procedure, the
effect was reduced to a trivial magnitude.

Given that the mean effect for the FN was non-significant and mod-
erated by the type of task, we did not conduct publication bias analyses
Fig. 5. Funnel plot for the ERN. Observed studies are depicted with unfilled circles;
imputed studies are depicted with filled circles. Unfilled circles represent observed
studies whereas filled circles represent imputed studies. Note that the y-axis of a funnel
plot is inverted.
on the FN. That is, studies using different types of tasks are estimating
different effect sizes in opposite directions and it is possible that publi-
cation biasmetrics are insensitive to publication bias in the overall sam-
ple. Since the number of studies is quite small, this issue will have to
await future research.

7. Discussion

Meta-analysis is a powerful statistical tool that can aid researchers in
quantitatively summarizing a field, testing hypotheses, directing future
research and assessing the field for potential threats to validity such as
publication bias. Our goal inwriting this tutorialwas to point out the po-
tential usefulness of meta-analysis to psychophysiologists unfamiliar
with the method as well as to provide practical advice and best-prac-
tices to those psychophysiologists interested in conducting their own
meta-analyses.We encourage psychophysiologists to usemeta-analysis
to address substantive questions whenever appropriate.

Meta-analysis is a very broad topic and no article-length tutorial can
cover all relevant topics. We recommend the following tutorials to in-
terested readers:

1) Borenstein et al. (2009). Introduction toMeta-Analysis, JohnWiley&
Sons, Ltd. West Sussex, UK.

2) Cooper (2010). Research Synthesis and Meta-Analysis: A Step-by-
Step Approach. Sage Publications Inc. Thousand Oaks, CA.

3) Cumming (2012). Understanding the New Statistics: Effect Sizes,
Confidence Intervals, and Meta-Analysis. Taylor & Francis, LLC:
New York, NY.

Moreover, we focused only on fixed- and random-effects analyses.
While these are among themost commonly-usedmethods in psycholo-
gy, there are alternativemethods including psychometric meta-analysis
and Bayesian meta-analysis. We direct interested readers to the
following:

1) Eddy et al. (1992). Meta-analysis by the confidence profile method.
The statistical synthesis of evidence. Academic Press. Boston, MA.

2) Hunter and Schmidt (2004). Methods of Meta-Analysis: Correcting
Error and Bias in Research Findings (2nd Ed.). Sage Publications
Inc. Newbury Park, CA.

3) Schmid and Mengersen (2013). Bayesian Meta-analysis. In
Koricheva, J., Gurevitch, J., & Mengersen, K (Eds.), Handbook of
Meta-Analysis in Ecology and Evolution. Princeton University
Press. Princeton, NJ.

4) Smith et al. (1995). Bayesian approaches to random-effects meta-
analysis: A comparative study. Statistics inMedicine, 14, 2865–2699.

Finally, Sambrook and Goslin (2014) presented a meta-analytic
method that will be of particular interest to ERP researchers. Their
“great grand averaging” procedure involves gathering figures from pub-
lished papers containing grand averaged ERP waveforms – in their ex-
ample, displaying the FN – and uploading the figures into Plot-
Digitizer (http://sourceforge.net/projects/plotdigitizer/;as always, only
download files from trusted sources), a program that digitizes the
waveforms in order to extract their individual data points. They then av-
eraged across these grand averages to createwhat they call “great grand
averages” which allowed them to score the FN using the digitized data
points for each study. Since this method can, in principle, be used with
any published waveform, this method has the advantage of being less
reliant on authors publishing/providing the necessary effect size infor-
mation. We hope this method will become more widely used, and re-
fined as a robust meta-analytic tool.

7.1. Example using depression and the ERN/FN

In addition to providing an introductory tutorial on meta-analysis,
the present article presented a novel meta-analysis between depression
and the ERN/FN as an illustrative example. Specifically, both the ERN

http://sourceforge.net/projects/plotdigitizer/;
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and FN are proposed biomarkers for depression. However, previous
findings have been inconsistent for both ERPs. Given the potential clin-
ical applications, the goals of the present meta-analysis were to 1) de-
termine the magnitude and direction of the effect across the literature,
2) evaluate the heterogeneity of effects and the role of potentialmoder-
ators and 3) assess for publication bias in the literature.

7.2. ERN

With respect to the first goal, this meta-analysis found evidence that
depression is related to amoderately enhanced ERN.With respect to the
second goal, we found that effect sizes were very heterogeneous sug-
gesting that the effects were not entirely consistent across studies (i.e.
between-study variability above-and-beyond sampling error). Al-
though the specific moderator analyses generally did not reveal signifi-
cant moderators, effect sizes varied widely for each moderator. For
example, effect sizes were notably larger for students (relative to pa-
tients), the Stroop task (relative to the Flanker and go/no-go) and affec-
tive stimuli (relative to neutral stimuli). Additionally, effects for adults
and childrenwere of approximately equalmagnitude but in opposite di-
rections. This degree of heterogeneity suggests that the ERN is unlikely
to be related to depression in a very general way and highlights the
need to study the relationship between the ERN and depression using
specific tasks and sub-populations. For example, a recent report by
Weinberg et al. (2016b) found that the ERN is blunted in individuals di-
agnosed with depression with melancholic features specifically (how-
ever, see Aarts et al., 2013). Although several articles in this meta-
analysis included individuals with melancholic features, we were not
able to compute effect sizes for them separately. Future research may
benefit from examining the role of sub-types of depression in determin-
ing the depression/ERN relationship.

Lastly, with respect to the third goal, this meta-analysis found evi-
dence of publication bias across multiple metrics. Both Kendall's tau
and Egger's intercept were consistent with publication bias and the
number of statistically significant findings was larger than power
would allow. Additionally, we estimated the unbiased effect size for
the ERNusing Duval and Tweedie's trim andfill procedure. This resulted
in a considerably smaller, and non-significant, relationship between de-
pression and the ERN (g = 0.06). This finding, in conjunction with the
results discussed above, suggests caution when discussing the clinical
utility of the ERN. Specifically, the high heterogeneity and small
corrected effect suggest that the evidence for an association between
depression and the ERN is weak.

An important note of caution iswarranted, however,when consider-
ing the publication bias results. This set of findings suggests that depres-
sion and the ERN are not strongly related in general. However, as noted
in the section of heterogeneity, theremay bemore specific relationships
to uncover (e.g. unmedicated,melancholic patients performing tasks in-
volving affective material). The number of studies was insufficient for
examining publication bias across all moderators; however future stud-
ies may benefit from examining the specificity of this relationship.

7.3. FN

In addition to examining the ERN, the current study aimed to quan-
tify the relationship between depression and the FN.With respect to the
first goal, this meta-analysis found that, overall, depression is not relat-
ed to the FN. The effect size was quite small (g = −0.14) and the con-
fidence interval was extremely wide (−0.47–0.18).

With respect to the second goal, effect sizes were found to be very
heterogeneous. Perhaps themost surprising finding of this meta-analy-
sis was the large role that the type of task played in determining the re-
lationship between depression and the FN. Studies using gambling/
guessing tasks have found that the FN is over half of a standard devia-
tion smaller in depressed participants whereas studies using other
tasks (e.g. reinforcement learning) have found that the FN is a third of
a standard deviation larger for depressed participants. At present we
can only speculate about the role that task plays. Hajcak and colleagues
(Foti and Hajcak, 2009; Foti et al., 2014; Proudfit, 2015) have shown
that positive feedback in the gambling task, which is usually associated
with a monetary reward, produces a positive deflection – the reward
positivity – approximately 300 ms following feedback onset. Negative
feedback does not result in a positivity. In other words, Hajcak and col-
leagues propose that the FN actually results from the absence of a posi-
tive component. Importantly, it is the reward positivity that appears to
be related to depressive symptoms (Foti and Hajcak, 2009; Foti et al.,
2014; Liu et al., 2014; Proudfit, 2015). To the authors' knowledge, the
ERP componentry of feedback in other tasks, such as reinforcement
learning tasks, has not been systematically studied. Given that these
tasks often involve learning in the absence of an explicit reward, it
may be that the reward positivity is not elicited by these tasks or, if it
is, that it indexes another process.

7.4. Recommendations for authors of primary studies

Finally, even authors and editors who do not wish to conduct a
meta-analysis themselves can still contribute to cumulative science.
Specifically, by clearly and completely presenting results, authors of pri-
mary studies can facilitate future meta-analyses. Journal editors can
contribute by enforcing the complete reporting of results. Specifically,
we recommend the following:

1) It is standard practice in the ERP literature to presentwaveforms. Al-
though we agree that waveforms should be regularly presented in
published articles, they should not be included in lieu of explicit
means and standard deviations. Means and an explicitly-labeled
measure of variability should be included for all measures.

2) Non-significant effects should be fully presented. For example, in-
stead of “The main effect of group was not significant (p N 0.5)”, au-
thors of primary studies should write “The main effect of group was
not significant (t(38) = 0.54, p = 0.79).”

3) For within-subject designs, the mean and standard deviation of the
difference scores should be presented or the correlation between de-
pendentmeasures should be presented. This will allow future meta-
analysts to compute the within-subjects effect size.

4) For correlational designs, a correlation table with all measures
should be presented in the manuscript.

5) Finally, in many cases, it is simply not possible for the authors of pri-
mary studies to include all of the information that might be of inter-
est to future meta-analysts. In such cases, we believe the best course
of action is to contact the corresponding author of the primary study
and request the necessary information. This will help ensure that
otherwise acceptable data are not ignored by meta-analyses; how-
ever, this procedure is reliant on the cooperation of those authors.
In order to facilitate a cumulative and open science, we recommend
that these authors supply the necessary effect sizes whenever
possible.

8. Conclusion

Meta-analysis is a powerful tool for quantitatively summarizing an
existing literature. The present article aimed to introducemeta-analysis
and provide a step-by-step tutorial aimed at psychophysiologists which
included: formulating the problem, conducting the literature search,
coding studies and extracting data, synthesizing effect sizes and
assessing for heterogeneity, and assessing for threats to validity. Each
of these steps was accompanied by a substantive example in which
we meta-analyzed the relationship between depression and action-
monitoring ERPs (i.e. the error-related negativity and the feedback neg-
ativity). Recommendations for the authors of primary studies were pro-
vided to will help facilitate more robust, replicable, and informative
research in psychophysiology.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.ijpsycho.2016.07.001.
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