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Meta-analysis, the statistical synthesis of pertinent litera-

ture to develop evidence-based conclusions, is relatively

new to the field of molecular ecology, with the first meta-

analysis published in the journal Molecular Ecology in

2003 (Slate & Phua 2003). The goal of this article is to for-

malize the definition of meta-analysis for the authors,

editors, reviewers and readers of Molecular Ecology by

completing a review of the meta-analyses previously pub-

lished in this journal. We also provide a brief overview

of the many components required for meta-analysis with

a more specific discussion of the issues related to the

field of molecular ecology, including the use and statisti-

cal considerations of Wright’s FST and its related ana-

logues as effect sizes in meta-analysis. We performed a

literature review to identify articles published as ‘meta-

analyses’ in Molecular Ecology, which were then evalu-

ated by at least two reviewers. We specifically targeted

Molecular Ecology publications because as a flagship

journal in this field, meta-analyses published in Molecu-

lar Ecology have the potential to set the standard for

meta-analyses in other journals. We found that while

many of these reviewed articles were strong meta-analy-

ses, others failed to follow standard meta-analytical tech-

niques. One of these unsatisfactory meta-analyses was in

fact a secondary analysis. Other studies attempted meta-

analyses but lacked the fundamental statistics that are

considered necessary for an effective and powerful meta-

analysis. By drawing attention to the inconsistency of

studies labelled as meta-analyses, we emphasize the

importance of understanding the components of traditional

meta-analyses to fully embrace the strengths of quantitative

data synthesis in the field of molecular ecology.
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Introduction

Meta-analysis was most succinctly defined by Glass (1976)

as ‘the analysis of analyses’. In other words, the authors of

a meta-analysis compile and quantitatively synthesize the

results of available and pertinent studies using a meaning-

ful common statistic, called an effect size, to address a

specific research question (Koricheva et al. 2013). Such

meta-analytical techniques are recommended to synthesize

the literature because they often have higher statistical

power than an individual primary study, due to the

increased precision of the summary effect size estimate

(Borenstein et al. 2009; Madden & Paul 2011). However, the

power of meta-analysis relies on very specific methodologi-

cal and statistical treatment of the individual studies

reviewed (Rosenberg et al. 2004). In this regard, meta-

analyses are not secondary analyses, in which original data

are collected from published literature and re-analysed; nor

are they narrative reviews, in which authors may subjec-

tively choose papers to discuss. A true meta-analysis also

does not rely on surveying individual study P-values as a

vote-counting framework for reaching conclusions (Osen-

berg et al. 1999; Madden & Paul 2011). Meta-analyses

do, however, quantitatively synthesize results across all

identified, relevant studies to determine not only whether

an overall effect is present, but also what underlying

covariates may influence the trend across studies.

The purpose of this opinion article is to provide authors

and editors with the tools to increase the use and effective-

ness of meta-analysis in Molecular Ecology and related

journals. We first briefly formalize the definition of meta-

analysis in this field, and then use the results from our

own review of self-described meta-analyses published in

Molecular Ecology to illustrate specific examples of how

these papers failed to meet, met or exceeded the expecta-

tions of an effective meta-analysis. An exhaustive or techni-

cal review of general meta-analytical techniques is beyond

the scope of this paper, but we provide references for
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many of the outstanding publications and textbooks that

discuss the specific methodology and issues regarding

meta-analysis. In this article, we build on this rich meta-

analysis literature to discuss how the field of molecular

ecology raises unique issues related to the choice of effect

sizes, specifically Wright’s FST and its analogues, and pro-

pose general recommendations to strengthen future meta-

analyses in this field.

Brief introduction to meta-analysis

Meta-analysis has been eloquently detailed in other refer-

ences, ranging from topics on general meta-analysis (e.g.

Borenstein 2009; Borenstein et al. 2009), on ecological meta-

analysis (e.g. Arnqvist & Wooster 1995; Gurevitch &

Hedges 1999; Hedges et al. 1999; Osenberg et al. 1999;

Rosenberg et al. 2004; Madden & Paul 2011; Philibert et al.

2012; Koricheva et al. 2013) and on phylogenetic meta-

analysis (Adams 2008; Lajeunesse 2009; Chamberlain et al.

2012). Based upon this rich literature, we briefly formalize

the definition of effective meta-analyses by describing each

component of a meta-analysis, including the initial litera-

ture search, effect size choice and data extraction, statistical

data synthesis, other statistical considerations, and the doc-

umentation of the data set and references.

Literature search

Research synthesis, which includes both meta-analyses and

systematic reviews, begins with a literature search (Gurev-

itch & Nakagawa 2015). Once a testable hypothesis has been

determined, an appropriate search protocol is formulated to

find all the studies that have addressed this question. Two

important aspects of the literature search are that the search

is both thorough and repeatable (Gates 2002; Philibert et al.

2012). Thorough literature searches of all of the relevant

studies must be broad in scope and context to reduce the

possible impacts of publication bias and to maintain objec-

tivity (Koricheva & Gurevitch 2014). When available, ‘grey

literature’ (e.g. documents such as theses, dissertations and

conference proceedings) and unpublished studies may also

be included in the meta-analysis data set. To ensure repeat-

ability, meta-analysis literature search methods should

include the specific Boolean operators, search databases and

dates, and criteria used for inclusion or exclusion. Further-

more, the use of the PRISMA (http://www.prisma-state-

ment.org/statement.htm) flowchart and checklist for

systematic reviews to document the search protocol and

results is recommended (Koricheva & Gurevitch 2014).

Effect size choice and data extraction

Picking the appropriate statistical techniques is required in

any scientific study and is equally important for meta-

analysis. Subsequent to the literature search, the authors of

a meta-analysis must pick an effect size that can be statisti-

cally tested against an appropriate null hypothesis

(Osenberg et al. 1999; Madden & Paul 2011). In general, the

effect size should be picked or developed with awareness

of its underlying statistical properties and assumptions,

and also chosen to match the biological objectives and

hypotheses of the meta-analysis (Osenberg et al. 1997,

1999). Borenstein (2009) suggests four criteria for selecting

an appropriate effect size: (i) it must address comparable

questions across studies and be unaffected by study

design; (ii) it should not require a secondary analysis of

data from the original studies but instead be calculated

from commonly reported metrics; (iii) it should have

known statistical properties, such as sampling distribution,

so that variances and confidence intervals can be mathe-

matically derived; and (iv) it should be meaningful to those

working in the field in which the meta-analysis is being

conducted. Effect sizes commonly used in meta-analyses

include standardized mean differences, Hedges’ d or g, cor-

relation coefficients, odds ratios or log response ratios

(Gurevitch & Hedges 1999; Hedges et al. 1999). In some

cases, effect sizes may have to be converted from other

metrics to be comparable across studies; for instance, a

reported chi-squared value may be statistically converted

into a correlation coefficient (Chapman et al. 2009; Miller &

Coltman 2014). After choosing an effect size, authors

should also extract related meta-data from each publica-

tion, including variance, covariates, sample sizes and notes

about the study (e.g. location, perceived study quality).

Most of the traditional meta-analysis effect sizes are

equally suitable for meta-analyses in molecular ecology; for

example, one can test for heterozygosity–fitness relation-

ships with the correlation coefficient (Chapman et al. 2009)

or compare mean allelic richness or heterozygosity between

populations with Hedges’ d (Aguilar et al. 2008) or the log

response ratio (Johannesson & Andr�e 2006). However, some

statistics used in molecular ecology are unique to evolution-

ary sciences, raising important questions about their value

as potential effect sizes for meta-analysis. Mengersen &

Gurevitch (2013) provide valuable guidelines for using

unconventional effect sizes, highlighting the need to use

truly comparable and standardized effect sizes with an

appropriate sampling variance for weighting. One set of

unconventional statistics common in the field of molecular

ecology is Wright’s FST and its analogues, including D, FIT,

F0ST, GST, G
0
ST and RST, which are indices of the variation in

allelic frequencies among populations that provide measures

of population differentiation based on the genetic polymor-

phism or fixation of alleles (Wright 1949; Balloux & Goudet

2002; Avise 2004; Meirmans & Hedrick 2011). In meta-analy-

ses, FST values can be used as effect sizes if they are com-

puted by consistent means across studies (i.e. addressing

similar questions and using similar markers or DNA loci) to

meet the criteria of comparability outlined by Borenstein

(2009) and Mengersen & Gurevitch (2013). FST values also

meet Borenstein’s (2009) additional criteria for effect sizes in

that they are commonly reported (and therefore calculable

without secondary analyses) and have known statistical

properties and distributions (Weir & Cockerham 1984; Long

1986; Leviyang 2011; Meirmans & Hedrick 2011).
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In practice, FST and analogues are constrained by

expected within-population heterozygosity (Meirmans &

Hedrick 2011), which may hinder cross-study comparisons.

Thus, we recommend the use of a standardized analogue

of FST, such as F0ST, G0
ST, RST or Φ0

ST, as a meta-analysis

effect size to alleviate the confounding effects of different

maximum possible values across studies (Jost 2008, 2009;

Heller & Siegismund 2009). Authors must also consult the

literature for the advantages and disadvantages, as well as

the proper application of these statistics, to choose the

appropriate metric for the research question (Jost 2008,

2009; Heller & Siegismund 2009; Whitlock 2011). The vari-

ance of FST and its analogues can be estimated with Taylor

series expansions for single di-allelic loci and estimated for

multi-allelic loci with jackknife permutation (Weir & Cock-

erham 1984; Long 1986); however, the variance is exceed-

ingly complicated to calculate when it is applied to multi-

allelic loci and thus may not be cited or calculable from

reported information. Rather than rely upon unweighted

analyses in such cases, we recommend contacting authors

for more information, calculating variances when possible

using the computer programs cited in Meirmans & Hed-

rick (2011), or using imputation to estimate variances. Stan-

dardized analogues of FST are associated with higher

variances than their nonstandardized counterparts (Meir-

mans & Hedrick 2011). As such, the use of standardized

FST analogues as an effect size may provide more conserva-

tive meta-analysis results compared to the nonstandardized

counterparts. Finally, FST and its standardized analogues

can range from 0 to 1 and are not normally distributed

(Long 1986; Leviyang 2011). Transformations may be

applied to FST to approximate normality, but we caution

the use of transformations and recommend that FST -

related effect sizes be analysed within a generalized linear

mixed model (see Koricheva et al. 2013). Meta-analysis of

FST effect sizes can alternatively be completed by compar-

ing FST -related parameters between populations with tra-

ditional effect sizes with known distributions (e.g. Friesen

et al. 2007; Phillips et al. 2012).

Statistical data synthesis

As stated earlier, a detailed accounting of the statistics

required for meta-analysis is beyond the scope of our

review, and instead, we recommend previous publications

(e.g. Borenstein et al. 2009; Koricheva et al. 2013; Menger-

sen & Gurevitch 2013) for more thorough and detailed

descriptions of the statistical techniques of meta-analyses.

In general, once the database of effect sizes and meta-data

has been compiled, the statistical meta-analysis begins

with the choice of using either a fixed-effect or a random-

effects model (Hedges et al. 1999; Borenstein et al. 2009).

The fixed-effect model assumes within-study sampling

error as the only source of variation between the estimates

and considers all the studies to be functionally identical

with a common underlying true effect size (Koricheva

et al. 2013). But, in molecular ecology and related fields,

fixed-effect models are rarely appropriate, as studies

almost always differ from one another in more ways than

the sampling variation, making it rarely logical to estimate

a truly common effect size. Therefore, when the true out-

comes (effect sizes) differ among studies for a variety of

reasons or if inferences about a wider population are

desired, the random-effects model is more appropriate and

generally suggested. Each effect size is weighted by the

inverse of the variance to give studies with high precision

and power (i.e. large sample sizes) more impact on the

final effect size than those with lower power and to main-

tain low type II error rates (Gurevitch & Hedges 1999;

Mengersen & Gurevitch 2013). In a fixed-effect model, only

within-study variance is used to weight an associated

effect size, but in a random-effects model, both within-

study variation and between-study variation (i.e. heteroge-

neity) are used to weight effect sizes (Gurevitch & Hedges

1999; Borenstein et al. 2009; Madden & Paul 2011; Philibert

et al. 2012). Thus, the resultant confidence interval of the

summary effect size from a random-effects model meta-

analysis will be wider if heterogeneity is present or will

reduce to the fixed-effect model if heterogeneity is absent.

While using a weighted analysis is strongly recommended,

it is not always necessary (i.e. conclusions may not differ

between weighted and unweighted analyses) or possible

(Englund et al. 1999; Gurevitch & Hedges 1999; Gurevitch

et al. 2001; Koricheva & Gurevitch 2014). Some alternative

approaches have been suggested for conducting meta-

analysis when variance measures are either not available

or calculable from individual studies, including resampling

mean effect sizes and associated confidence intervals

(Adams et al. 1997; Gurevitch & Hedges 1999; Gurevitch

et al. 2001) or using imputation to estimate effect size vari-

ances from related publications or previous meta-analyses

(Koricheva et al. 2013).

Exploring the factors that account for heterogeneity can

demonstrate how covariates, such as sampling technique

or study time frame, affect the summary effect size and

broaden the applicability of the meta-analysis to wider

populations. Partitioning and explaining heterogeneity is

often accomplished through subgroup analyses or meta-

regression (Gurevitch & Hedges 1999; Osenberg et al. 1999;

Borenstein et al. 2009; Stewart 2010; Mengersen & Gurev-

itch 2013). Meta-regression differs from ordinary least

squares (OLS) regression in many ways that are important

for an effective synthesis of the data. Most notably, meta-

regression weights each effect size by both within- and

among-study variance and can be used in molecular ecol-

ogy meta-analyses as a mixed-effects model, representing

heterogeneity as a random effect and the covariates as

fixed effects (Gurevitch & Nakagawa 2015). Also, to deter-

mine slope significance, meta-regression relies on different

probability distributions (Z- and Q-tests) than OLS regres-

sion (t- and F-tests). In random-effects meta-regression, het-

erogeneity must be computed at each step of the

prediction slope, which results in larger slope confidence

and prediction intervals than OLS regression (Borenstein

et al. 2009). As with OLS regression, the potential impacts

of multicollinearity and confounding effects among

© 2015 John Wiley & Sons Ltd
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covariates should be addressed in a multiple meta-regres-

sion analysis (Koricheva & Gurevitch 2014).

Other statistical considerations

The authors of a meta-analysis should address the limita-

tions of their meta-analysis, such as possible nonindepen-

dence of effect sizes. Nonindependence can occur when

more than one effect size was extracted per study or research

group (Philibert et al. 2012), when effect sizes were reported

from repeated measures (Koricheva et al. 2013) or when the

studies compiled for meta-analysis used species with com-

mon ancestry (Adams 2008; Lajeunesse 2009; Chamberlain

et al. 2012). Nonindependence can be mitigated by extracting

only one effect size per study or by averaging effect sizes

within a study (Gurevitch & Hedges 1999; Gates 2002; Phili-

bert et al. 2012). However, explicitly incorporating the nonin-

dependence, for example using a hierarchical model to

incorporate repeated measures (Koricheva et al. 2013) or

phyloMeta (Lajeunesse 2011) to incorporate phylogenetic

nonindependence, is a recommended and less conservative

way to deal with nonindependent effect sizes. A second sta-

tistical consideration is the potential presence of studies that

disproportionately affect the summary effect size. Such

influential studies can be identified through sensitivity

analysis, which is built into many meta-analytic software

packages (Borenstein et al. 2009; Gurevitch & Nakagawa

2015).

Another important but often-overlooked component of

meta-analysis is the possibility of publication bias, where

the literature published and included in a meta-analysis is

biased towards favoured results (Gurevitch & Hedges

1999; Borenstein et al. 2009; Madden & Paul 2011). In par-

ticular, studies showing statistically significant results often

have a higher chance of publication, whereas nonsignifi-

cant studies may have difficulty being published and may

be absent from the meta-analysis data set. Publication bias

can also occur through searches for primarily English lan-

guage publications or due to limitations inherent to elec-

tronic search databases (i.e. duplications retrieved,

nonindexed journals) (see Lowry et al. 2012). Such publica-

tion bias may lead to inaccurate conclusions from meta-

analysis (Rosenthal 1979). Many methods can be used to

assess publication bias, including (i) a fail-safe number

method (estimates the number of unpublished studies with

nonsignificant results required to nullify the significance of

the analysis); (ii) a funnel plot (graphs effect size vs. study

variance); (iii) correlation tests (measures the relationship

between standardized effect size and sample size); and (iv)

the trim and fill method (an iterative technique that adjusts

funnel plots to account for possible publication bias) (Møl-

ler & Jennions 2001). It should be noted that over the years,

these methods have been subjected to many deliberations

over their respective weaknesses (Sutton et al. 2000). For

instance, heterogeneity, data irregularities and chance

could also produce asymmetrical funnel plots (Egger et al.

1997; Sterne et al. 2011). Therefore, we recommend being

thorough when identifying studies to include in the meta-

analysis, using multiple methods to acquire greater confi-

dence in the effect of publication bias on meta-analysis

results and exerting caution when interpreting results.

Research bias is another concern that arises due to the

deliberate and nonrandom selection of organisms or condi-

tions (Gurevitch & Hedges 1999). Research bias is unfortu-

nately difficult to detect, yet it remains a solid issue in

ecological and evolutionary studies and is therefore worth

discussing in any published meta-analysis.

Documentation

In a meta-analysis, it is also important that the authors pro-

vide a full list of the studies used in their meta-analysis;

similarly, provision of the full data set or a summary of

effect sizes and variances associated with each study are

recommended for both transparency for the audience and

repeatability as described above. Authors should also cite

the program used to analyse the data, as well as the spe-

cific procedures, when applicable.

Review of Molecular Ecology meta-analyses: methods

For our review, we used the aforementioned components

of a meta-analysis to develop a rubric to assess self-

described meta-analyses published in Molecular Ecology up

to the time of our literature search (Table 1). The primary

purpose of the rubric evaluation was to highlight when

essential meta-analytical techniques, as described in the lit-

erature (e.g. Gurevitch & Hedges 1999; Borenstein et al.

2009; Madden & Paul 2011), were unclear or missing for a

particular study. We searched for papers in May 2014,

using the search terms ‘meta’, ‘meta-’ or ‘meta-analys*’ on
Google Scholar and through the Molecular Ecology website

search function. We included papers in our review only if

they referred to themselves as meta-analyses (or a deriva-

tion thereof, such as ‘metastudy’) and excluded papers that

were not self-described meta-analyses (e.g. primary litera-

ture that cited other meta-analyses). Two to three reviewers

familiar with meta-analysis evaluated the meta-analytical

components of each study following the rubric detailed in

Table 1. If the techniques used for a particular aspect of

the meta-analysis under review were not clear, a zero was

given for the corresponding rubric item because of the

need for clarity and repeatability in meta-analyses. Because

some rubric components are recommended but not neces-

sary for an effective meta-analysis (i.e. subgroup analysis

or meta-regression), our expectation for these meta-analy-

ses was the completion and documentation of 15 or more

of the 17 traditional meta-analysis components discussed

in the Brief Introduction to Meta-Analysis section.

Results

The results of our review of Molecular Ecology meta-analy-

sis papers are summarized in Fig. 1 and detailed in Table

S1 (Supporting information). We identified 25 papers

initially and included 18 studies that used the term
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‘meta-analysis’ or a derivative thereof to describe their

publication. The seven publications excluded from our

review were primary literature papers that referred directly

to other meta-analyses in their text (e.g. Rossetto et al.

2009), thus being found through our Boolean keyword

search on Google Scholar yet inappropriate for comparison

with other meta-analyses. Our search results are presented

within the PRISMA (http://www.prisma-statement.org/

statement.htm) framework in Fig. S1 (Supporting informa-

tion). We recognize that meta-analytical techniques may be

used in other papers in Molecular Ecology outside those

gathered here, which may limit the scope of our reports. In

fact, meta-analysis is not consistently used as a keyword in

Molecular Ecology, so we recommend that it be included in

keywords or article titles for greater clarification of the nat-

ure of each study. Based on our 2014 search, the earliest

Molecular Ecology paper claiming to be a meta-analysis was

published in 2003 (Fig. 2; Slate & Phua 2003) and the most

recent were in 2014 (Gao et al. 2014; Miller & Coltman

2014; Ni et al. 2014; Pinsky & Palumbi 2014; Raeymaekers

et al. 2014; Tedersoo et al. 2014). There is an obvious

increase in the number of published meta-analyses over

Table 1 Rubric used to review meta-analyses for Molecular Ecology

Literature search

Boolean operators (1) Included specific keywords

(0) Specific search keywords were not given

Search databases and dates (1) Stated where and when search was completed

(0) Stated only where or only when or search details were not given

Exclusion/inclusion criteria (1) Gave specific information about why papers were retained or rejected

(0) No exclusion or inclusion criteria stated

Effect size choice and data extraction

Effect size choice What effect size was used? Were effect size conversions used?

Effect size extraction/conversion (1) Specified the effect size extracted from each study and the conversions used,

if applicable

(0) Effect size choice was not stated

Meta-data documentation (1) Stated specifically what other information was extracted from each study (e.g.

variance, sample size, locations, covariates)

(0) Meta-data not described

Statistical data synthesis

Model Choice (1) Stated if fixed-effect or random-effects model was used or discussed between- and

within-study variation

(0) Model choice or two sources of variation not stated

Heterogeneity estimation (1) Calculated heterogeneity statistics (e.g. Q, s, I)
(0) No mention or calculation of heterogeneity

Individual study weight calculation (1) Addressed weighted meta-analysis, how each study was weighted, or why

unweighted analysis was used

(0) Unweighted analysis used without justification or unclear if weighted

Effect size summarization (1) Stated or quantified an overall effect size for all studies

(0) No summarization of effect size across studies

Subgroup analysis (1) Summarized effect sizes for subgroups or categorical covariates

(0) Subgroup analysis was not used

Meta-regression (1) Used specific meta-regression techniques

(0) Used no meta-regression or only ordinary least squares regression

Other statistical considerations

Nonindependence (1) Quantified or stated impacts of nonindependence

(0) Did not address nonindependence

Sensitivity analysis (1) Quantified impact of individual effect sizes with sensitivity analysis or discussed

potential impacts of individual study effect sizes

(0) No discussion of the impact of individual studies in these ways

Publication bias (1) Discussed or quantified publication bias

(0) No specific mention of publication bias

Documentation

List of references (1) Included list of the studies used in analysis in either article or supplementary

information (SI)

(0) References of the studies used was not given

Data set used in the meta-analysis (1) Provided data set used for meta-analysis in article, SI, or online

(0) Data set not provided

Statistical program (1) Listed the statistical program used for meta-analysis

(0) Statistical program not given
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time in Molecular Ecology as well as in the broader scientific

literature (Fig. 2). We reviewed a total of 17 meta-analysis

components in our rubric, and the range of components

completed was 3 (Johannesson & Andr�e 2006) to 16 (Agui-

lar et al. 2008; Chapman et al. 2009; Table S1, Supporting

information).

Literature search

Four of the eighteen studies we reviewed successfully

described their literature search as to be fully repeatable (3/

3 rubric components); five studies gave specific Boolean

operators and exclusion/inclusion criteria but did not state

when the search was completed (2/3 components), and nine

studies provided little to no information on their searches

(≤1/3 components; Table S1, Supporting information).

Within the studies we reviewed from Molecular Ecology,

Chapman et al. (2009) and Sutton et al. (2011) provide out-

standing examples of how the literature search can be han-

dled in a meta-analysis, including systematic and detailed

search descriptions as well as specific inclusion and exclu-

sion criteria. However, other articles, such as Slate & Phua

(2003) and Raeymaekers et al. (2014), failed to adequately

describe their literature search protocol in a thorough and

repeatable manner.

Effect size choice and data extraction

Every publication that was reviewed successfully docu-

mented the meta-data that they extracted from each study;

however, seven studies did not mention the specific effect

size or dependent variable that the authors extracted from

each study (Fig. 1; Table S1, Supporting information).

Among the exemplary studies in this regard were Sutton

et al. (2011) and Miller & Coltman (2014), which included

exhaustive and authoritative descriptions of how their

respective effect sizes were calculated, what the underlying

distribution and assumptions were about these effect sizes,

and how they summarized these metrics across studies.

Of the five studies using FST or related derivatives for

effect sizes, two compared the mean FST between two pop-

ulations (Table S1, Supporting information; Friesen et al.

2007; Phillips et al. 2012). For example, Friesen et al. (2007)

analysed the effects of breeding range, colony dispersion,

nonbreeding distribution, foraging range, population size

and climate zone on population genetic structure of sea-

birds using mean difference of FST or ΦST between catego-

ries. They notably took the necessary step of ensuring only

studies with comparable genetic markers, specifically

Domain I markers were used. Ni et al. (2014) and Raey-

maekers et al. (2014) were the only studies to use FST or

analogues as direct effect sizes. Finally, as part of their

Number of studies
024681012141618
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    Search databases & dates
    Exclusion/inclusion criteria
Effect size choice and data extraction
    Effect size choice*
    Effect size extraction/conversion
    Meta-data documentation
Statistical data synthesis
    Model choice: fixed or random
    Heterogeneity estimation
    Individual study weight calculation
    Effect size summarization
    Subgroup analysis
    Meta-regression
Other statistical considerations
    Nonindependence
    Sensitivity analysis
    Publication bias
Documentation 
    List of references
    Dataset used in meta-analysis
    Statistical program used

Fig. 1 The components of a traditional

meta-analysis and the number of studies

that successfully accomplished each com-

ponent based on our review. Full review

results can be found in Table S1 (Sup-

porting information). *Note: Effect size

choice was a categorical review category

and thus was not tallied.
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Fig. 2 Published meta-analyses by year. Publications shown

are those found when searching all Web of Science journals for

‘meta-analys*’ (July 2014; left Y-axis; line) and the publications

in Molecular Ecology reviewed in this work by article category

(May 2014; right Y-axis; bars).
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meta-analysis, Johannesson & Andr�e (2006) performed a

direct OLS regression analysis of FST vs. geographical dis-

tance from the entrance of the Baltic Sea to determine how

geographical isolation affects genetic diversity.

Statistical data synthesis

Our review of meta-analyses in Molecular Ecology revealed

that studies were divided between those that completed a

traditional meta-analysis vs. those that fell well short of the

established meta-analytical guidelines; six studies com-

pleted at least four of six components required for effective

meta-analysis, but the rest only completed two or fewer of

the components (Fig. 1; Table S1, Supporting information).

Johannesson & Andr�e (2006) compared species inside and

outside the Baltic Sea with a log response ratio, but did not

refer to it as such, and they did not use meta-analysis tech-

niques to synthesize this effect size (Table S1, Supporting

information). Likewise, Hendry et al. (2008) described their

two effect sizes (phenotypic change quantified as Haldane

and Darwin numerators) and the related meta-data that

they extracted from each study, statistically summarized

the effect sizes with subgroup analysis, and even discussed

publication bias; yet, they did not provide clear informa-

tion as to how they dealt with random effects, weighting

of individual studies or between-study heterogeneity.

Finally, a number of the reviewed studies performed

regression analyses, but used OLS regression analyses

rather than meta-regression (Johannesson & Andr�e 2006;

Gao et al. 2013, 2014; Pinsky & Palumbi 2014; Tedersoo

et al. 2014). For example, Tedersoo et al. (2014) discussed

how sampling effects of individual studies may have a

profound effect on the results, but then did not formally

incorporate the variation of the studies into the regression

model, as would occur with meta-regression.

Other statistical considerations

In our review, eight of 18 studies addressed the potential

for nonindependence within their data sets; only four stud-

ies successfully utilized sensitivity analysis to determine

the impact of anomalous effect sizes, and six studies quan-

tified or described the potential for publication bias in their

meta-analysis (Fig. 1; Table S1, Supporting information).

Hendry et al. (2008) provided the best discussion of bias

and study limitation of all the studies we reviewed, but

they did not provide a quantitative analysis of publication

bias, which would have further strengthened their paper.

Finally, the fact that some studies neither provide a repeat-

able search protocol nor discuss potential publication bias

(e.g. Friesen et al. 2007) is cause for concern, because there

is no evidence in such a case that the studies selected by

the authors were chosen thoroughly and objectively.

Documentation

All 18 meta-analyses that we reviewed successfully listed

the references used to create the meta-analytical database;

however, only 15 provided the data set directly and 13

documented the statistical program (Fig. 1; Table S1, Sup-

porting information).

Discussion

In summary, of the 18 studies we reviewed, only four (22%)

met our expectations of an effective meta-analysis, which

required completing and documenting at least 15 of the 17

fundamental meta-analysis components listed in Fig. 1 (Ag-

uilar et al. 2008; Chapman et al. 2009; Sutton et al. 2011;

Miller & Coltman 2014). Pinsky & Palumbi (2014) and Slate

& Phua (2003) met many of the requirements of effective

meta-analyses, accomplishing 12 and 10 of the components,

respectively, but they both lacked critical components. Spe-

cifically, Pinsky & Palumbi (2014) used OLS regression

rather than meta-regression, and Slate & Phua (2003) lacked

a thorough and repeatable search procedure. Ten studies

(56%) accomplished nine or fewer of the 17 components (Jo-

hannesson & Andr�e 2006; Friesen et al. 2007; Hendry et al.

2008; Phillips et al. 2012; Sullam et al. 2012; Tedersoo et al.

2012, 2014; Gao et al. 2013, 2014; Raeymaekers et al. 2014)

and thus were well below our expectations for effective

meta-analyses. In each of these cases, a fairly thorough

search procedure was followed, an adequate effect size was

chosen, and pertinent meta-data was extracted from each

study. However, in most of these studies, standard para-

metric statistics were then utilized rather than meta-analy-

sis techniques (e.g. heterogeneity estimation, weighted

analysis, subgroup or meta-regression analyses). For

instance, Tedersoo et al. (2012) completed a spatial analysis

of extracted species richness values from published litera-

ture, and we believe they may have been able to incorpo-

rate heterogeneity and weighted analysis within the spatial

analysis framework to strengthen their statistical conclu-

sions. Thus, these 10 studies began as strong meta-analyses

but failed to harness the statistical power of meta-analytical

techniques, which were specifically designed to outperform

standard parametric statistics. Ignoring all of the literature

that details the proper statistical methods of meta-analysis

is simply not justified.

We reviewed one study that did not extract means and

error terms from published studies, but rather used a sec-

ondary analysis of published studies to analyse rDNA

sequences in a phylogenetic framework (Bonito et al. 2010).

We acknowledge that in this case, these authors used the

appropriate, but not meta-analytical, statistical techniques for

their data structure. Thus, the traditional meta-analysis def-

inition is an inappropriate fit for these types of studies,

and we suggest that such studies be more appropriately

labelled as a ‘secondary analyses’ rather than as ‘meta-

analyses’. Depending on the research question, we agree

that these types of analyses may be as relevant and statisti-

cally sound as meta-analyses. We are not denouncing these

authors and their work; instead, we argue for the proper

delineation of meta-analysis vs. secondary analysis to

encourage the proper understanding and use of meta-ana-

lytical techniques.
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Finally, we conclude that FST and its analogues meet the

criteria laid out by Borenstein (2009) and Mengersen &

Gurevitch (2013) for proper effect sizes. They are com-

monly reported in the primary literature, are a critical

component of molecular ecology analyses, can be standard-

ized among comparable studies and can be calculated

without secondary analyses. However, we recommend

using a standardized version of FST (e.g. F0ST, G0
ST) as an

effect size for meta-analysis to avoid the difficulty of

calculating error distributions for FST values.

Conclusions

In summary, our review of the meta-analyses published in

Molecular Ecology reveals a systemic misunderstanding of

the components required for comprehensive meta-analyses.

In this opinion article, we briefly described the steps of a

meta-analysis and completed a review of meta-analyses

published in Molecular Ecology from 2003 to 2014. Based on

our review, similar recommendations should be made for

molecular ecology meta-analyses such as those previously

made for plant ecology (Koricheva & Gurevitch 2014), gen-

eral ecology (Gates 2002) and agronomy (Philibert et al.

2012), specifically:

1 Where, when and how publications were searched

should be detailed, such as the specific dates, search da-

tabases, Boolean operators and inclusion/exclusion crite-

ria.

2 The effect size extracted from each study and/or conver-

sion methods used should be explicitly stated and be rel-

evant to the primary research questions.

3 Effect sizes should be synthesized according to meta-

analysis statistical procedures, including using either a

fixed-effect or random-effects (preferred) model,

weighted analysis (when applicable), and tests for heter-

ogeneity. Subgroup and meta-regression analyses are

also recommended to expand the scope of the meta-

analysis, when applicable.

4 Other statistical considerations, including nonindepen-

dence of effect sizes, influential studies and publication

bias, should be addressed.

5 We also recommend that authors use our review rubric

given in Table 1 as a guide during meta-analysis and as

a publication checklist. This checklist is also recom-

mended for peer reviewers, when reviewing meta-analy-

ses that have been submitted for publication.

We conclude by urging authors of forthcoming meta-

analyses to refer to this comment, the wealth of refer-

ences on meta-analysis and the exemplary articles

highlighted in our review to publish sound and compre-

hensive meta-analyses. By dissuading authors, editors

and readers from the improper treatment of meta-analysis

research and encouraging them to embrace the potential

power in meta-analyses, we aim to boost the impact and

reliability of this powerful analytical tool in Molecular

Ecology.
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