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Abstract
A large amount of literature is available for researchers who are interested in performing meta-analyses in psychology. However,
due to a large number of available sources and meta-analytic approaches, it can be difficult to get started with a meta-analysis
when prior experiences are limited. In this annotated reading list, we provide an overview of and comment on 12 recommended
sources that address the most relevant questions for conducting and presenting meta-analyses in psychology. Additionally, we
point to various further readings and software packages that address more specific meta-analytic topics. With this guide, we aim
to provide a starting point for researchers who wish to conduct a meta-analysis and for reviewers and editors who evaluate the
quality of manuscripts presenting meta-analytic findings.
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Background

Meta-analysis has become an important and widely used tech-
nique to synthesize research findings in psychology. Any re-
searcher who has published a handful of meta-analyses will
regularly receive questions from colleagues that are interested
in conducting a meta-analysis. Depending on the colleagues’
prior experience, their questions vary in complexity ranging
from basics (“Where do I start with my meta-analysis?”) to
specifics (e.g., “Which methods are most appropriate for
assessing publication bias?”). To date, there are several excel-
lent and comprehensible introductions to conducting a meta-
analysis in the form of introductory articles (e.g., Cheung &
Vijayakumar, 2016) or books (e.g., Borenstein et al., 2009b;
Cooper et al., 2009). However, due to the wide range of meta-
analytical methods and procedures, none of the existing pub-
lications covers all aspects relevant to conducting a meta-anal-
ysis. In this manuscript, we present an annotated reading list
covering the most relevant aspects for researchers aiming to

conduct a meta-analysis in psychology. This annotated read-
ing list may also serve as a guide for reviewers and editors
who evaluate meta-analytic studies. This article is structured
so that the annotated literature refers to increasingly specific
questions. In addition to the 12 sources that we discuss in
more detail, we provide further reading recommendations
containing additional information on the respective topic.
We begin by describing what a meta-analysis is and what
general best-practice recommendations for meta-analyses are
available before introducing articles about the different phases
of conducting a meta-analysis: literature search, coding and
transforming effect sizes, artifact correction, statistical analy-
ses, and quantifying heterogeneity and publication bias. We
close by summarizing two articles about reporting standards
for meta-analyses and open science principles.

Introduction: What Is a Meta-Analysis?

Source Field, A. P. (2005). Meta-analysis. In J. Miles & P.
Gilbert (eds.), A handbook of research methods in clinical and
health psychology (pp. 295–308). Oxford University Press.
https://doi.org/10.1093/med:psych/9780198527565.001.
0001

Field (2005) provides a “whistle-stop tour” (p. 307), intro-
ducing the most important elements of meta-analysis. He be-
gins with a brief comparison of meta-analyses and discursive
literature reviews, highlighting the advantages of the former.
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According to Field, the problem with qualitative reviews is
that different researchers might come to different conclusions
based on the same literature. In contrast, meta-analyses pro-
vide a more objective approach by quantitatively rather than
qualitatively aggregating the available evidence.

Field (2005) processed with briefly introducing different
effect size measures as the essential basis for any meta-analy-
sis. This overview of effect size measures is helpful in under-
standing different forms of meta-analysis (e.g., correlational
or group comparisons). The mathematical formulas provided
in the chapter are less important at this point but help at a later
stage in conducting meta-analyses (see section “How to com-
pute or transform effect sizes?”).

In the subsequent section, Field (2005) provides an over-
view of the required steps in a meta-analysis, including the
literature search, inclusion criteria, and the calculation of ef-
fect sizes. He also explains the critical differences between
random-effects and fixed-effects meta-analysis with the aid
of two insightful illustrations. Additionally, Field (2005) pro-
vides a primer of two widely-used meta-analytic techniques.
Finally, Field (2005) primes for highly relevant problems with
meta-analysis. These problems may be methodological or
conceptual. Examples include publication bias (selective
reporting of significant results that distort meta-analytic esti-
mates (see section “Which methods are most appropriate for
assessing publication bias?”), artifacts such as measurement
unreliability (see section “How can the meta-analytic results
be corrected for artifacts?”), misapplications of meta-analysis
(random-effects meta-analyses are recommended if the aim is
to gain generalizable knowledge, whereas fixed-effects
models are not recommended if the aim is to gain generaliz-
able knowledge; also see Hunter & Schmidt, 20001), and other
errors in methods. On the conceptual level, Field (2005) dis-
cusses more general objections to meta-analysis (e.g.,
oversimplification).

Overall, Field (2005) provides a comprehensive and acces-
sible introduction to meta-analysis as a means to statistically
aggregate effect sizes from a large number of primary studies.
His overview of the required steps in a meta-analysis sim-
plifies the understanding of the literature recommended here.

Further reading. Borenstein et al. (2009a, c) provide a
more detailed introduction to meta-analyses, covering the his-
tory and historical development of meta-analyses (Borenstein
et al., 2009c) and the rationale for statistically aggregating
effect sizes (Borenstein et al., 2009a). An alternative classical
introduction to meta-analysis is provided by Lipsey and
Wilson (2001). This work provides great conceptual insights
and hands-on recommendations for conducting meta-analyses

but, naturally, misses newer developments in meta-analyses
from the last 20 years. In a more complex and theoretical
manuscript, Chan and Arvey (2012) discuss the value of
meta-analyses in the larger context of the progress of science
more generally. We recommend this text for researchers who
aim to develop a deeper understanding of the role of research
aggregation in advancing knowledge growth.

How to Conduct a Literature Search
for a Meta-Analysis in Psychology?

Source Harari, M. B., Parola, H. R., Hartwell, C. J., &
Riegelman, A. (2020). Literature searches in systematic re-
views and meta-analyses: A review, evaluation, and recom-
mendations. Journal of Vocational Behavior, 118, 103,377.
https://doi.org/10.1016/j.jvb.2020.103377

A comprehensive and reproducible literature search is cru-
cial to ensure that a meta-analysis covers (as far as possible) all
relevant primary studies. Harari et al. (2020) provide concrete
best practice recommendations for conducting a literature
search for a meta-analysis in psychology. Importantly, the
authors stress that these recommendations are flexible depend-
ing on the characteristics of the literature covered. In Study 1,
the authors report a systematic review of 152 reviews in ap-
plied psychology, identifying the most commonly used liter-
ature search approaches. Table 1 in Harari et al. (2020) pro-
vides an overview of complementary search strategies (e.g.,
searching the references of included articles) that may be used
in addition to database searches. Table 3 in Harari et al. (2020)
displays the most commonly searched databases in applied
psychology. In Study 2, Harari et al. (2020) empirically dem-
onstrate the effects of different literature search strategies on
meta-analytic effect sizes.

In their discussion section, Harari et al. (2020) thoughtfully
discuss the pros and cons of different databases (e.g., Google
Scholar), complementary search strategies, and transparent
reporting of search strategies. Table 5 in Harari et al. (2020)
provides a comprehensive summary of all recommendations
for conducting and reporting a literature search. These recom-
mendations are the following: a) use at least two databases, b)
involve a librarian in identifying the most relevant databases,
c) indicate the databases searched, not only the platform used
to search (e.g., ProQuest), d) transparently report all search
information and search variables, e) transparently report the
procedures and criteria for manual literature searches, f) incor-
porate backward citation search (i.e., search references of
studies included in previous reviews), g) transparently report
the procedures and criteria for backward searches, h) consider
conducting a forward search of well-known classic papers on
the respective topic, i) attempt to include non-indexed (or non-
published) studies, j) search non-academic databases and
websites. We recommend that researchers conducting a

1 Fixed-effects meta-analyses typically manifest a substantial Type I bias in
significance tests for mean effect sizes and for moderator variables, whereas
random-effects meta-analyses do not. However, see Doi et al. (2015) for ar-
guments against using random-effects meta-analytic models.
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literature search for a meta-analysis in psychology adhere to
these recommendations. Yet, there are circumstances where
there are good and justifiable reasons for not implementing a
recommendation (e.g., consulting a librarian when the re-
searchers know the relevant databases, search terms, and op-
erators well).

Further reading. In a database search, researchers use so-
called Boolean operators (or Boolean phrases) to connect
search terms. For example, OR may be used to indicate that
an article must contain at least one of two words to be relevant
(e.g., “Extraversion OR Introversion”). Another Boolean op-
erator may be used to truncate search terms (e.g., perfection*
to cover perfectionistic, perfectionistic, perfectionist, perfec-
tionism, etc.). In his blog post, Calhoun (2013) comprehen-
sively introduces the most relevant Boolean operators and
search limiters (e.g., publication year) for PsycINFO. Please
note, however, that Boolean operators differ between data-
bases (Othman & Sahlawaty Halim, 2004). Adjusting the
search string (i.e., the search terms connected with Boolean
operators) is usually necessary when searching through differ-
ent databases. Thus, meta-analysts need to acquaint them-
selves with the relevant operators for all included databases.
These operators are usually explained on the databases’
websites.

What Are the Best Practices in Conducting
and Reporting Systematic Reviews?

Source Siddaway, A. P., Wood, A. M., & Hedges, L. V.
(2019). How to do a systematic review: A best practice guide
for conducting and reporting narrative reviews, meta-analy-
ses, and meta-syntheses. Annual Review of Psychology, 70,
747–770. https://doi.org/10.1146/annurev-psych-010418-
102803

The basis for any quantitative meta-analysis is a systematic
and replicable review of the relevant empirical literature.
Reviews are sometimes called narrative reviews or qualitative
reviews to distinguish them from quantitative meta-analyses.
Systematic reviews are narrative reviews that are based on a
standardized and, thus, replicable literature search. In many
cases, a systematic review and a meta-analysis are jointly pre-
sented. Siddaway et al. (2019) provide a comprehensive over-
view of the best practices in conducting and reporting
systematic reviews. The authors start their article by
explaining the advantages of systematic reviews with regard
to drawing robust conclusions, explaining inconsistencies in
findings, and generating implications for theory and future
research. Against the background of the replication crisis in
psychology, Siddaway et al. (2019) place particular emphasis
on the increased transparency and replicability of a systematic
review in comparison to a mere narrative review. Siddaway
et al. (2019) also provide useful guidance on when to conduct

a meta-analysis, a narrative review, or a meta-synthesis: Meta-
analyses are recommended when relevant primary quantita-
tive studies that report standardized effect sizes and that ex-
amine similar constructs are available. Narrative reviews may
be preferred when the relevant primary studies differ widely in
their methods and investigated constructs or relations so that
researchers have to connect formerly independent lines of re-
search (for guidance on narrative reviews, see Baumeister,
2013; Baumeister & Leary, 1997). Meta-syntheses aggregate
qualitative research. The main part of the article by Siddaway
et al. (2019) describes the main stages in conducting a system-
atic review, from formulating the research question to
assessing the quality of included studies. Particularly the sec-
tions explaining the identification of relevant search terms, the
formulation of inclusion criteria, the creation of record-
keeping systems, article screening, and eligibility assessment
are practically relevant for meta-analysts. In the section on
how to present a systematic review, Siddaway et al. (2019)
make suggestions on how to structure the introduction, meth-
od, results, and discussion sections of a systematic review.
These recommendations are useful for meta-analysts, howev-
er, there are some specificities for meta-analysis (see section
“How should a meta-analysis be reported?”). In sum,
Siddaway et al. (2019) provide essential insights into the ra-
tionale for systematic reviews or meta-analyses. This source is
particularly relevant for the decisions whether to conduct a
meta-analysis, how to carry out the required systematic liter-
ature review, and how to present the rationale for it.

Further reading. The Cochrane Collaboration provides a
detailed handbook for systematic reviews of interventions
(Higgins&Cochrane Collaboration, 2020). Part 2 of this book
provides detailed guidance for systematic reviews that are
useful for systematic reviews of intervention studies, ranging
from determining the research question to interpreting results.
Parts 3 and 4 of this handbook deal with more specific topics,
some of which are relevant for psychology (e.g., the inclusion
of non-randomized studies in a systematic review of interven-
tions). The Cochrane handbook (Higgins & Cochrane
Collaboration, 2020) is available free of charge online
(https://training.cochrane.org/handbook/current).

How Many Effect Sizes Are Needed
for a Meta-Analysis?

Source Valentine, J. C., Pigott, T. D., & Rothstein, H. R.
(2010). How many studies do you need?: A primer on statis-
tical power for meta-analysis. Journal of Educational and
Behavioral Statistics, 35, 215–247. https://doi.org/10.3102/
1076998609346961

After identifying the relevant primary studies, meta-
analysts are inevitably confronted with the question of how
many effect sizes are required to conduct a meta-analysis.
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Valentine et al. (2010) provide a primer for statistical power
for meta-analysis. As in primary studies, low statistical power
may lead to difficulties in interpreting non-significant results.
In their manuscript, Valentine et al. (2010) first illustrate how
statistical power in primary studies and meta-analysis both
depend on the sample size, the estimated effect size, and
Type 1 error. The authors then explain the information and
computations required to conduct prospective statistical pow-
er analyses for random-effects and fixed-effects meta-analytic
models, including specific statistical tests such as the test of
homogeneity and moderation analyses. The authors further
explain how to establish the minimum number of studies re-
quired to achieve sufficient statistical power (e.g., 80%;
Cohen, 1988) in different scenarios.

Retrospective statistical power analyses indicate how non-
significant meta-analytic results may be interpreted consider-
ing the smallest relevant effect size. Valentine et al. (2010)
provide a practical suggestion for wording in cases where low
statistical power prevents meaningful interpretation of non-
significant results. Retrospective power analysis may also
guide the decision whether a meta-analysis requires an update,
which is particularly relevant to researchers aiming to inves-
tigate a question for which an older meta-analysis already
exists.

Another problem associated with statistical power is that
trivially small effects may reach statistical significance in
meta-analyses because of large sample sizes. Conversely, in
the case of non-significant meta-analytic results, large confi-
dence intervals may indicate that there is insufficient evidence
to conclude whether the null hypothesis may be rejected.
Thus, Valentine et al. (2010) argue in favor of interpreting
effect sizes and confidence intervals in meta-analysis rather
than p-values.

The last section of the article by Valentine et al. (2010)
demonstrates that statistical aggregation is generally the most
appropriate strategy for summarizing quantitative findings,
even when the statistical power is low. For example, estab-
lishing that there is currently insufficient evidence to draw
reliable conclusions about a research question combined with
specific recommendations for future studies may be an im-
portant conclusion of the review part of a meta-analytic re-
view. However, there may be circumstances in which re-
searchers choose not to statistically aggregate primary studies
(e.g., in the case of a very low number of studies with varying
characteristics). For these circumstances, Valentine et al.
(2010) suggest methods to review the available evidence nar-
ratively, highlighting current limitations of the evidence base.
The authors conclude that, in principle, only two studies are
necessary to justify a meta-analysis. Thus, researchers should
feel encouraged to conduct a meta-analysis, even when there
are only a few primary studies. However, statistical power
should be considered in the interpretation of meta-analytic
results.

Further reading. Hedges and Pigott (2004) provide a de-
tailed account of power analyses for moderators in a meta-
analysis, concluding that moderation analysis may, in many
cases, suffer from low statistical power. Moreover, Jackson
and Turner (2017) retrospectively calculated the power of
1991 meta-analyses taken from the Cochrane Database of
Systematic Reviews. They conclude that, in practice, five or
more studies are needed to achieve statistical power in a
random-effects meta-analysis that is greater than the studies
that contribute to them.

How to Compute or Transform Effect Sizes?

Source Fritz, C. O., Morris, P. E., & Richler, J. J. (2012).
Effect size estimates: Current use, calculations, and interpre-
tation. Journal of Experimental Psychology: General, 141, 2–
18. https://doi.org/10.1037/a0024338

Various statistical estimates quantitatively describe the
magnitude of an empirical effect. When conducting a meta-
analysis, researchers often encounter the situation that differ-
ent primary studies report different effect size estimates. In
these situations, meta-analysts have to transform an effect size
into a different effect size, or in some cases, calculate effect
sizes from other statistical values (e.g., means and standard
deviations). In their article, Fritz et al. (2012) explain the ra-
tionale for using standardized effect size estimates (rather
than, e.g., unstandardized mean differences) in meta-
analyses and provide an overview of the most frequently used
effect size estimates. This overview is followed by a review of
articles from the Journal of Experimental Psychology:
General, analyzing the statistical analyses reported and the
associated reporting of effect size estimates. The subsequent
section on calculating effect sizes is highly relevant for re-
searchers interested in conducting a meta-analysis. In this sec-
tion, the authors comprehensively explain how to compute
and transform the most widely used effect sizes. These include
effect sizes specific to comparing two conditions (e.g., exper-
imental groups; Cohen’s d, Hedges’s g, Glass’s d or Δ and
point biserial correlation r) and effect sizes based on the pro-
portion of variability explained (η2, R2, adjusted R2).
Additionally, Fritz et al. (2012) guide the interpretation of
effect sizes. The concluding recommendations by Fritz et al.
(2012) for reporting and using effect sizes are directed at re-
searchers conducting primary studies rather than meta-ana-
lysts. In sum, the article by Fritz et al. (2012) is recommended
as an overview of the relevant effect sizes and their
interrelations.

Further reading. A large proportion of meta-analyses in-
vestigates relations between two continuous variables (e.g.,
personality and academic success). Primary studies investigat-
ing such relations usually report Pearson’s correlation coeffi-
cient. However, in some cases, only partial correlations or
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regression coefficients from multiple regressions (i.e., effect
sizes controlled for the influence of other variables) are avail-
able. In a relatively technical article, Aloe (2015) demon-
strates that these estimates usually deviate from bivariate ef-
fect sizes (such as Pearson’s r). We recommend this manu-
script for advancedmeta-analysts. In short, Aloe (2015) shows
that standardized regression coefficients only equal bivariate
correlation coefficients when there is not more than one pre-
dictor in a regression analysis or the hypothetical case that all
predictors in multiple regression are entirely uncorrelated
(r = .00). In other cases, partial correlations or regression co-
efficients from multiple regressions should not be included in
meta-analyses of bivariate relations.

For some meta-analyses, correlational studies reporting
Pearson’s correlation coefficients and group-comparison stud-
ies reporting Cohen’s d are relevant. Pustejovsky (2014) pro-
vides recommendations for converting from a standardized
mean difference to a correlation coefficient (and to Fisher’s
z) under three types of study designs: extreme groups, dichot-
omization of a continuous variable, and controlled experi-
ments. Moreover, he provides information on how the sam-
pling variance of effect size statistics should be estimated in
each of these cases. Finally, we recommend Del Re’s (2013)
useful package compute.es for the conversion of effect sizes in
the statistical environment R (R Core Team, 2020).

How Can the Meta-Analytic Results be
Corrected for Artifacts?

Source Schmidt, F. L., & Hunter, J. E. (2015a). Meta-analysis
of correlations corrected individually for artifacts. InMethods
of meta-analysis: Correcting error and bias in research
findings (3rd ed., pp. 87–164). SAGE Publications. https://
doi.org/10.4135/9781483398105

There are various sources of error (i.e., study artifacts) in
primary studies that can attenuate the magnitude of meta-
analytic correlation coefficients. Schmidt and Hunter
(2015a) introduce eleven of these study artifacts: sampling
error, measurement error in the dependent—and/or indepen-
dent variable, dichotomization of a continuous dependent—
and/or independent variable, range restriction or enhancement
in the dependent—and/or the independent variable, imperfect
construct validity in the dependent—and/or the independent
variable, reporting error, and variance due to third variables
that affect the meta-analytic relation. In their approach to
correcting meta-analyses for study artifacts, Schmidt and
Hunter (2015a) propose correcting each correlation included
in a meta-analysis individually. After an introduction to
correcting error and bias in meta-analysis, Schmidt and
Hunter (2015a) discuss meta-analysis with correction for sam-
pling error only. Whereas some parts of this section are rela-
tively technical, the provided examples are remarkably

illustrative. Following these examples, Schmidt and Hunter
(2015a) explain in more detail the correction for attenuation
due to measurement error (i.e., unreliable measurement of the
included constructs), highlighting the relevance of selecting
the appropriate reliability coefficient for correction. Schmidt
and Hunter (2015a) then explain the correction of attenuation
due to different forms of range restriction (i.e., the sample is
more homogeneous in an included construct compared to the
general population) or range enhancement (i.e., the sample is
more heterogeneous in an included construct compared to the
general population). Next, the authors explain all other arti-
facts, in turn, describing both the underlying mathematics and
the relevance of the respective artifact for conducting a meta-
analysis. However, note that not all artifacts mentioned are
equally relevant in all meta-analyses, and it is not uncommon
that a meta-analysis only corrects for one or two sources of
bias. For example, the dichotomization of continuous vari-
ables is not an issue when all relevant primary studies report
Pearson correlation coefficients.

We recommend this source to develop an understanding of
the various artifacts that may attenuate meta-analytic effect
sizes. Most current meta-analytic software packages contain
statistical techniques to account for study artifacts. Based on
the work by Schmidt and Hunter (2015a), meta-analysts can
make an informed decision about which of these techniques to
use.

Further reading.Most primary studies do not report suffi-
ciently detailed information to correct all artifacts for each
correlation individually. In a different chapter of their seminal
work on meta-analysis, Schmidt and Hunter (2015b) describe
artifact distribution meta-analysis, which may be used to cor-
rect for artifacts when not all relevant information is provided.
Another recently published article by Wiernik and Dahlke
(2020) discusses methods to account for different psychomet-
ric artifacts, including measurement error and selection bias in
different types of meta-analyses (e.g., meta-analyses on corre-
lations and meta-analyses on group differences). The authors
provide sample R code to implement these methods.

How to Conduct the Statistical Analysis in R?

Source Polanin, J. R., Hennessy, E. A., & Tanner-Smith, E. E.
(2017). A review of meta-analysis packages in R. Journal of
Educational and Behavioral Statistics, 42, 206–242. https://
doi.org/10.3102/1076998616674315

After extraction, transformation, and correction of the ef-
fect sizes, the actual meta-analytic aggregation can begin. A
frequently used statistical software tool for this is R (R Core
Team, 2020). R is an environment for statistical computing,
including meta-analyses. Unlike other statistical software, R is
free of charge, and anyone may contribute new statistical fea-
tures in the form of “packages”. These packages contain a
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collection of statistical functions that are usually well-tested
and well-documented. In their manuscript, Polanin et al.
(2017) provide a comprehensive review of 63 packages spe-
cific for conducting meta-analyses. First, Polanin et al. (2017)
provide a relatively general narrative overview of meta-
analytic techniques used in different popular R packages.
The authors go on to describe the search for and
documentation of relevant R packages across different
sources. Table 1 in Polanin et al. (2017) summarizes the func-
tionality of the 63 identified packages for meta-analysis and
may serve as a starting point for researchers addressing a spe-
cific meta-analytic question. An alternative starting point may
be the subsequent description of the packages, which is orga-
nized according to their principal functionality: general meta-
analytic packages, genome meta-analytic packages, multivar-
iate meta-analytic packages, diagnostic test accuracy meta-
analytic packages, network meta-analysis packages,
Bayesian meta-analysis packages, assessment of bias pack-
ages, packages with (other) specific functionality, and GUI
applications. Following this overview, Polanin et al. (2017)
provide two detailed tutorials for conducting meta-analyses in
R, including all steps from package installation to meta-
analytic effect size estimation and moderator analyses. These
tutorials describe a meta-analysis with independent effect
sizes in the R package metafor (Viechtbauer, 2010) and a
meta-analysis with dependent effect sizes in the R package
robumeta (Fisher & Tipton, 2015). The final discussion of
future avenues for meta-analysis packages in R is of little
relevance for beginners. Although Polanin et al. (2017) pro-
vide a comprehensive overview, the number of packages for
meta-analysis is growing steadily, and developers update
existing packages increasing their functionality. Thus, we ad-
vise researchers to consult the Comprehensive R Archive
Network (CRAN; http://www.cran.r-project.org) for recent
updates in meta-analysis packages for R. Please also note that
a function accounting for the dependency of effect sizes from
one study has recently become available in the R package
metafor. Beginners should not be intimidated by the high
number of available packages, many of which serve special-
ized purposes. When beginners conduct their first simple me-
ta-analysis, mastery of a single package (oftentimes metafor or
robumeta) is all that is needed.

Further reading.Most R packages for meta-analysis focus
on statistical computation after the relevant effect sizes have
been extracted from the literature. However, screening articles
for their relevance is perhaps the most time-consuming stage
of a meta-analysis. Recently, the R package revtools was in-
troduced that supports data import, deduplication, and article
screening for meta-analyses and systematic reviews
(Westgate, 2019). Whereas previous packages that support
article screening required a good knowledge of R (e.g.,
METAGEAR; Lajeunesse, 2016), revtools provides an easy-
to-use interface for beginners.

How to Analyze Hierarchically Nested
or Multivariate Effect Size Data?

SourceCheung (2019). A guide to conducting a meta-analysis
with non-independent effect sizes. Neuropsychology Review,
29, 387–396. https://doi.org/10.1007/s11065-019-09415-6

“Classical” meta-analytic approaches require that all ef-
fect sizes are mutually statistically independent. This is of-
tentimes not the case because primary studies may report
multiple effect sizes that are relevant to a meta-analysis.
This can, for example, occur when researchers use multiple
indicators for a treatment outcome (e.g., psychological and
physical improvements). Similarly, a study may report mul-
tiple comparisons between groups (e.g., between the control
group and two different experimental groups) or a correla-
tion coefficient for different samples (e.g., students and older
adults). Cheung (2019) refers to these cases as “multivariate
effect sizes”. Additionally, effect sizes may be non-
independent because of other higher-level units in which
the effect sizes are clustered. For example, effect sizes from
studies conducted by the same research group may be more
similar to each other compared to effect sizes from studies
conducted by other research groups. Cheung (2019) refers to
this case as “nested effect sizes”. In all of these different
cases of non-independent effect sizes in meta-analyses, the
statistical non-independence leads to underestimated stan-
dard errors, too narrow confidence intervals, and, ultimately,
incorrect statistical inferences. The R packages metafor and
robumeta offer easy-to-use functions to handle the non-
independence of effect sizes and to avoid the resulting
problems.

However, in some cases, researchers want to explicitly in-
vestigate how the multivariate or nested nature of the effect
sizes affects the results. Cheung (2019) introduces two meth-
odological approaches for this purpose: a multivariate meta-
analysis and a three-level meta-analysis. Multivariate meta-
analyses may handle multiple outcomes (similar to multivar-
iate analyses of variance). Three-level meta-analyses take into
account the variance explained by Level-2 units (e.g., study)
and Level-3 units (e.g., research group). Cheung (2019) also
compares the assumptions of multivariate meta-analysis and
three-level meta-analyses, providing advice on when to use
which meta-analytic technique. In the following most practi-
cal section of the article, Cheung (2019) briefly introduces the
statistical software required to conduct multivariate meta-
analyses and three-level meta-analyses (i.e., the metaSEM
package; Cheung (2015a, 2015b) in R (R Core Team, 2020)
and Mplus (Muthén & Muthén, 1998–2017), and illustrates
advantages of the two methods over simpler meta-analytic
procedure using two examples. In the last section of his article,
Cheung (2019) summarizes his main points and points to fu-
ture directions. In sum, Cheung’s article is a comprehensible
introduction to meta-analysis with non-independent effect
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sizes directed at applied researchers in psychology and
beyond.

Further reading. Cheung (2019) only briefly mentions a
third viable method to account for the non-independence of
effect sizes: robust variance estimation (Hedges et al., 2010;
Tanner-Smith et al., 2016; Tanner-Smith & Tipton, 2014).
This method accounts for the non-independence of effect sizes
by computing adjusted (robust) standard errors, resulting in
unbiased parameter estimates (Moeyaert et al., 2017). We rec-
ommend the article by Tanner-Smith et al. (2016), which pro-
vides a tutorial for meta-analytic robust variance estimation in
R (R Core Team, 2020). Practically-oriented meta-analysts
may safely skip some mathematical details in the introduction
section of the article. A comparison of robust variance estima-
tion and three-level modeling is provided by López-López
et al. (2017).

How Can the Heterogeneity of Effect Sizes
in a Meta-Analysis be Quantified?

Source Borenstein et al. (2017). Basics of meta-analysis: I2 is
not an absolute measure of heterogeneity. Research Synthesis
Methods, 8, 5–18. https://doi.org/10.1002/jrsm.1230

A central aim of meta-analyses is to reveal to which extent
effect sizes from the aggregated primary studies vary around
the meta-analytic mean effect size. This variance is referred to
as heterogeneity. In their article, Borenstein et al. (2017) ex-
plain conceptually which measures are suitable for quantify-
ing heterogeneity in meta-analyses and which are not.
Although their manuscript primarily focuses on I2,
Borenstein et al. (2017) also discuss alternative measures
and derive clear recommendations for assessing heterogene-
ity. According to Borenstein et al. (2017), the main problem
with I2 is that it is usually interpreted as an absolute measure of
heterogeneity. Conceptually, however, I2 indicates what pro-
portion of variance in the observed effects is due to variability
in the true effects (i.e., variability without sampling error).
This proportion—by definition—can not indicate how much
the effects vary (in terms of absolute value). Borenstein et al.
(2017) thoroughly explain this point conceptually and
illustratively. Moreover, Borenstein et al. (2017) describe pre-
diction intervals as a more suitable alternative to I2. They
define the 95% prediction interval (PI) as the range of ± two
standard deviations of the true effects around their common
mean. If the effects are normally distributed, a total of 95% of
effect sizes of all populations will fall in this range. Why are
prediction intervals thus appealing? If a meta-analyst is asked
to predict the effect size (e.g., the efficacy of treatment) for any
population (that is similar to the population included in the
meta-analysis), they could predict that the effect size would
fall in this range and would be correct with this prediction
95% of the time. Prediction intervals are also important if

one uses meta-analytic results for power calculations for a
new study. The expected true effect in this new study can be
any of the values in the prediction interval and is not neces-
sarily the estimated mean effect size of the meta-analysis
(IntHout et al., 2016). The article additionally explains predic-
tion intervals for ratios, prevalence, and correlations.
Additionally, the authors provide a spreadsheet for the
computation of prediction intervals. In the last sections of
their manuscript, Borenstein et al. (2017) explain when I2

might be informative (i.e., to indicate to which extent mea-
surement error explains heterogeneity) and illustrate how pre-
diction intervals provide relevant information beyond I2. The
appendix of Borenstein et al. (2017) provides an additional
illustration for computing different measures associated with
heterogeneity and their interpretation. Overall, the article pro-
vides an accessible conceptual introduction into assessing het-
erogeneity in meta-analyses, including step-by-step guidance
to computing and interpreting prediction intervals.

Further reading. We additionally recommend the seminal
article by Higgins and Thompson (2002), in which the authors
discuss the shortcomings of previously used measures of het-
erogeneity in meta-analyses. However, keep in mind the pos-
sible misinterpretations of I2 highlighted by Borenstein et al.
(2017) when reading Higgins and Thompson (2002).
Researchers with interest in Bayesian meta-analysis should
read the article by Turner et al. (2015) that introduces methods
for the quantification of heterogeneity in Bayesian meta-anal-
ysis. These methods allow the inclusion of external evidence
for the expected magnitude of heterogeneity in a meta-analy-
sis, which ultimately leads to more precise estimates of
between-study heterogeneity.

How to Detect and Quantify Publication Bias
in Meta-Analyses?

Source Carter, E. C., Schönbrodt, F. D., Gervais, W. M., &
Hilgard, J. (2019). Correcting for bias in psychology: A com-
parison of meta-analytic methods. Advances in Methods and
Practices in Psychological Science, 2, 115–144. https://doi.
org/10.1177/2515245919847196

Meta-analytical results and conclusions can be biasedwhen
the included published studies are systematically unrepresen-
tative of all studies conducted on a research topic. Meta-
analysts describe this phenomenon with the term “publication
bias”. This bias may, for example, occur when significant
results are easier to publish than non-significant results (file
drawer problem). Numerous researchers have developed sta-
tistical techniques to detect and quantify publication bias and
to ultimately correct meta-analytical results for it. Carter et al.
(2019) compared seven different detection and correction
techniques for publication bias (e.g., trim-and-fill, p-curve,
p-uniform, PET, PEESE, and PET-PEESE) using 1000
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meta-analyses based on simulated data. The data sets included
varying conditions regarding the degree of heterogeneity, the
degree of publication bias, and the use of questionable re-
search practices such as the optional exclusion of outliers or
optional stopping. The authors showed that none of the seven
tested methods performed acceptably under all conditions.
They consequently recommend that meta-analysts in psychol-
ogy should conduct sensitivity analysis or method perfor-
mance checks, that is, applying multiple publication bias
methods and consider the conditions under which these
methods tend to fail.

Further reading. A practical guide on how to conduct dif-
ferent types of publication bias analyses in R is provided on-
line by Viechtbauer (2020). In this online resource, he pro-
vides the R code to reproduce the worked examples and anal-
yses presented in the book Publication Bias in Meta-Analysis:
Prevention, Assessment and Adjustments by Rothstein et al.
(2005). For those interested in performing a meta-analysis in
R, we recommend also browsing the other valuable online
resources of Viechtbauer (2020).

How Should a Meta-Analysis be Reported?

Source American Psychological Association (APA). (2020).
Quantitative Meta-Analysis Article Reporting Standards -
Information recommended for inclusion in manuscripts
reporting quantitative meta-analyses. https://apastyle.apa.
org/jars/quant-table-9.pdf

Researchers who usually publish primary studies may ex-
perience writing up a meta-analysis as a difficult task. In their
Journal Article Reporting Standards, the American
Psychological Association (APA, 2020) provides detailed rec-
ommendations regarding the information to be included in a
manuscript reporting meta-analytic findings. These recom-
mendations pertain to all parts of the manuscript, from the
title and title page to the discussion section. The APA
(2020) has provided their recommendations in a concise table
so that they are easily digestible. In principle, all of the aspects
mentioned should be covered in any manuscript reporting
findings from a quantitative meta-analysis. However, due to
space constraints, some of the information required may have
to be moved to the supplementary material (e.g., a table
displaying the characteristics of each included study).
Similarly, some aspects required for the abstract could go
beyond the word limit of some journals (e.g., results for mod-
erator analyses) and might, therefore, only be briefly touched.
In sum, we recommend that meta-analysts carefully study and
follow the recent APA (2020) Reporting Standards. This will
greatly facilitate crafting a manuscript and reporting findings
from a meta-analysis.

Further reading.Cooper (2019) provides additional advice
on the APA Meta-Analysis Reporting Standards, including

examples from APA journals and instructions for
implementing APA standards in one’s writing. Some journals
in Psychology and neighboring scientific disciplines require
authors to provide Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA; Moher et al., 2009)
statement along with their manuscript when submitting a me-
ta-analysis. The PRISMA statement contains a checklist and a
flow diagram. In the checklist, meta-analysts indicate where in
their submitted manuscript they have reported essential infor-
mation requested by PRISMA. The PRISMA flow diagram is
a figure used to provide an overview of the articles’ identifi-
cation, screening, and inclusion/exclusion process. There is
also an excellent overview of guides and standards for
reporting meta-analyses provided by the Countway Library
of Medicine (2021).

How to Conduct a Meta-Analysis Considering
Open Science Practices?

SourceMoreau, D., & Gamble, B. (2020). Conducting a meta-
analysis in the age of open science: Tools, tips, and practical
recommendations. Psychological Methods. Advance online
publication. https://doi.org/10.1037/met0000351

Researchers have to make many decisions when
conducting a meta-analysis that can greatly influence overall
estimates of effect sizes, their statistical significance, or sub-
sequent subgroup analyses. Open science practices (i.e., pre-
registration, open material, open data) serve at least three ma-
jor purposes. First, preregistration helps to safeguard oneself
against questionable research practices and provides a record
of the original plan of a study. Second, open material (e.g., R
scripts for data preparation and analysis) can promote the re-
producibility of the meta-analytic results. Third, open data
(e.g., metadata about each included article, descriptive statis-
tics, notes, and additional information for each study) can
provide the basis for further reviews and meta-analyses and
increases the transparency about the meta-analytical findings,
and again facilitates reproducibility. The tutorial by Moreau
and Gamble (2020) serves as an excellent starting point for
meta-analysts aiming to conduct transparent, robust, and re-
producible research by embracing open science values. The
tutorial starts with an introduction to open science more gen-
erally and then focuses on specific recommendations regard-
ing meta-analyses (e.g., a comparison of two platforms (Open
Science Framework and PROSPERO) for preregistrations
taking into account aspects important for meta-analysts.
Especially valuable in this tutorial is the excessive online ma-
terials, which contain nine useful templates. Templates 1 and
2 are thought to support meta-analysts with the preparation of
a preregistration following the PRISMA protocol. Template 3
includes a list of R packages that can be used for data wran-
gling and data visualization in the context of meta-analyses.
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Template 4 provides a search syntax template to enhance the
reproducibility of the standardized literature search that can be
adopted for different databases. Templates 5 and 6 are email
templates that can guide meta-analysts by sending out a call
for unpublished data during the initial stage of the search or by
requesting information from corresponding authors of rele-
vant articles that lack information or need clarification.
Template 7 was designed to help meta-analysts sharing im-
portant information on the literature search results (e.g., num-
ber of entries, all references, and abstracts). Template 8 can
help to openly share the actual meta-analytical database, in-
cluding metadata about each included article, such as descrip-
tive statistics, sample characteristics, and notes for each study.
Last, Template 9 guides meta-analysts that deviated from their
initial preregistration—a very common phenomenon. This
template includes examples of how to document and justify
such deviations using examples from applied psychology.

Further reading.We additionally recommend the article on
the reproducibility of meta-analyses by Lakens et al. (2016).
The authors provide six practical recommendations to in-
crease the credibility of meta-analytic conclusions and to al-
low updates of meta-analyses after several years.

Limitations

This annotated reading list has noteworthy limitations. First,
and most importantly, the inclusion of resources in this list is
subjective. We have attempted to provide a broad overview of
meta-analytic resources and topics. Yet, our inherent views
will have biased the reading list composition, and other re-
searchers in the field may have chosen different foci.
Second, we could not address all current developments in
meta-analysis in this article. The interested reader will find
various recent methodological developments, such as meta-
analytic structural equation modeling (Cheung, 2015a) or
Bayesian model-averaged meta-analysis (Gronau et al.,
2020), for which the literature presented here provides a pro-
found basis. Third, in this article, we focused on literature
providing guidance for conducting meta-analyses in the R
statistical environment. We chose this focus because R is a
free software for which a large and active community contin-
uously provides new packages that incorporate the newest
developments in meta-analytic techniques.

Conclusions

In this manuscript, we aimed to provide an accessible over-
view of relevant literature for researchers that aim to conduct a
meta-analysis in psychology. This annotated reading list cov-
ered classical readings and recent publications on state-of-the-
art meta-analytic techniques. After consulting the literature

presented here, researchers should understand the basic con-
cepts of conducting and reporting a meta-analysis in psychol-
ogy. Yet, meta-analysis is a quickly growing field, and new
techniques and software become available in rapid intervals.
Thus, based on the principal insights into meta-analysis
gained through the literature presented here, we recommend
that researchers interested in meta-analysis frequently update
their knowledge on current issues and new developments re-
garding meta-analytical methods, software, or reporting stan-
dards. A valuable resource for this purpose might be Evidence
Synthesis Hackathon (https://www.eshackathon.org).
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