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A B S T R A C T

Rationale: The journal Social Science & Medicine recently adopted the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA; Moher et al., 2009) as guidelines for authors to use when disseminating
their systematic reviews (SRs).
Approach: After providing a brief history of evidence synthesis, this article describes why reporting standards are
important, summarizes the sequential steps involved in conducting SRs and meta-analyses, and outlines addi-
tional methodological issues that researchers should address when conducting and reporting results from their
SRs.
Results and conclusions: Successful SRs result when teams of reviewers with appropriate expertise use the highest
scientific rigor in all steps of the SR process. Thus, SRs that lack foresight are unlikely to prove successful. We
advocate that SR teams consider potential moderators (M) when defining their research problem, along with
Time, Outcomes, Population, Intervention, Context, and Study design (i.e., TOPICS + M). We also show that,
because the PRISMA reporting standards only partially overlap dimensions of methodological quality, it is
possible for SRs to satisfy PRISMA standards yet still have poor methodological quality. As well, we discuss
limitations of such standards and instruments in the face of the assumptions of the SR process, including meta-
analysis spanning the other SR steps, which are highly synergistic: Study search and selection, coding of study
characteristics and effects, analysis, interpretation, reporting, and finally, re-analysis and criticism. When a SR
targets an important question with the best possible SR methods, its results can become a definitive statement
that guides future research and policy decisions for years to come.

1. Introduction

Because they organize information from multiple studies on a sub-
ject, systematic reviews (SRs) have become an increasing important
form of scientific communication: As a proportion of reports in
PubMed, SRs increased over 14000% since 1987, over 500% since
2000, and over 200% since 2010. Social Science & Medicine recently
adopted the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA; Moher et al., 2009) reporting standards and
guidelines for authors to use when developing their review manuscripts
for publication. This article describes in detail why such reporting
standards are important and outlines methodological issues that re-
searchers should address when conducting and reporting results from
their SRs.

To set the stage, we first briefly review the history of the practice of
research synthesis. Then, we offer a series of recommendations for fu-
ture SRs based on our experience conducting, peer reviewing, and

editing SRs. We also (a) recommend improvements for some conven-
tions, such as a priori consideration of potential moderators that may be
associated with different results; and (b) compare the PRISMA reporting
standards with a popular measure of the quality of meta-analysis, the
AMSTAR 2 (Shea et al., 2017), concluding that simply reporting
methods according to the PRISMA checklist is no guarantee of a high
quality SR. Although we (c) make best practice suggestions for methods
involved in systematic reviewing across all disciplines, in this article,
our focus is on the health sciences. We place special emphasis on the
notion that a SR should take a team approach – to be rigorous and
useful to the field, reviews must have authors with substantive and
methodological expertise and many tasks should be performed in du-
plicate to reduce errors. In writing this article, our hopes are to em-
power readers to determine whether a particular SR “embodies ‘mega-
enlightenment’ or ‘mega-mistake’” (Nakagawa et al., 2017), to enable
research syntheses of the highest standards to appear in publications,
and to spur better scientific knowledge, along with meaningful

https://doi.org/10.1016/j.socscimed.2019.05.035
Received 22 November 2018; Received in revised form 28 March 2019; Accepted 20 May 2019

∗ Corresponding author. Department of Psychological Sciences, 406 Babbidge Road, Unit 1020, University of Connecticut, Storrs, CT, 06269-1020, USA.
E-mail address: blair.t.johnson@uconn.edu (B.T. Johnson).

Social Science & Medicine 233 (2019) 237–251

Available online 28 May 2019
0277-9536/ © 2019 Elsevier Ltd. All rights reserved.

T

http://www.sciencedirect.com/science/journal/02779536
https://www.elsevier.com/locate/socscimed
https://doi.org/10.1016/j.socscimed.2019.05.035
https://doi.org/10.1016/j.socscimed.2019.05.035
mailto:blair.t.johnson@uconn.edu
https://doi.org/10.1016/j.socscimed.2019.05.035
http://crossmark.crossref.org/dialog/?doi=10.1016/j.socscimed.2019.05.035&domain=pdf


improvements in practice. Although the examples we use are drawn
from health-related literature, the methods are drawn comprehensively
from across science.

2. Meta-analysis is the ‘original big data’

In essence, SRs compile the results of two or more independent
studies on the same subject. SRs may or may not have quantitative
component to summarize the outcomes of the studies reviewed (viz.
meta-analysis). In conventional practice, the term meta-analysis is often
used to presume that the evidence has first been systematically re-
trieved and reviewed. (Similarly, meta-analytic methods may pool any
two or more studies, without otherwise being systematic about gath-
ering comparable other studies.) As another form, meta-syntheses in-
tegrate qualitative information gathered from multiple studies of the
same phenomenon. In turn, meta-reviews (viz. scoping reviews, over-
views) are reviews of reviews. Whether a SR, meta-analysis, meta-
synthesis, or meta-review, all SRs are a form of evidence or research
syntheses.

Although many narratives on the history of systematic reviewing
call attention to Karl Pearson's (Simpson and Pearson, 1904) integration
of correlations pertaining to the effectiveness of a typhoid vaccine as
the original SR with meta-analysis, this practice has a much longer
history. In fact, pooling data is a central concept of Bayes' (Bayes et al.,
1763) theorem, such that a prior based on previous observations im-
proves the prediction of a future outcome. Unfortunately, this strategy
was not routinely applied until the early 1800s and was not applied
rigorously or widely until the computer age, when modern software
made it more feasible.

In terms of actual pooling of data from independent studies, his-
torian of statistics Stephen M. Stigler (1986) documented that the
practice appeared as early as 1805; astronomers, for example, gained
additional precision by pooling their separate observations of the same
cosmic events. This practice of quantitatively pooling study results was
not termed meta-analysis until Gene V. Glass (1976) coined it. Given (a)
that the practice of data pooling has existed for far longer than even
primitive electronic computers have existed, and (b), that the essence of
SRs has been to pool all available data on the subject (i.e., to be the
biggest database yet available), it is clear that meta-analysis is the ori-
ginal big data.

Although one might suspect that the health sciences first recognized
the importance of the SR process, ironically, as Chalmers et al. (2002)
documented, the first may well have been the 19th century physicist,
John William Strutt, a Nobel Prize winner who wrote:

"If, as is sometimes supposed, science consisted in nothing but the
laborious accumulation of facts, it would soon come to a standstill,
crushed, as it were, under its own weight … [what ] deserves, but I
am afraid does not always receive, the most credit is that in which
discovery and explanation go hand in hand, in which not only are
new facts presented, but their relation to old ones is pointed out"
(Strutt, 1884, p. 20)

Whereas some conceptual and computational strategies were available
in the 19th century for reviews, methodological training of the time was
starkly unaware of the problems of poor SR methods. Thus, Strutt had a
good idea but lacked the methods to generate high quality SRs, and the
practice of reviewing scientific literature remained a dubious one that
permitted personal biases to interfere with accurate conclusions.
Consumers of literature reviews tended to trust those presented by
scholars who had conducted many studies in a domain, and, who, not
surprisingly, usually confirmed not only the trends in their own studies
but also their own pet theories. Thus, these were reviews, but they were
rarely if ever systematic, at least not until late in the 20th century, when
following Glass’s (1976) lead, scholars increasingly became aware that
reviewing of scientific studies is itself a scientific method that must be
carefully applied and made transparent enough that independent

scholars can judge the validity of the conclusions; indeed, transparency
is necessary in order to replicate these results. In short, accurate,
comprehensive pooling of results offers the potential for increasingly
better understanding of a given phenomenon. It means, for example,
that the conditions when treatments can improve health outcomes will
become better known, or that the plausible causes of a health condition
or outcome will be better known.

As the 20th century advanced, the statistics behind pooling evidence
became increasingly sophisticated, and, with computers to aid them,
pooling large numbers of studies became a routine activity, helping to
ignite what Shadish and Lecy (2015) dubbed the “meta-analytic big
bang.” At the same time, the numbers of studies on seemingly every
subject grew exponentially, such that science often seemed to be cru-
shed under its own weight, to borrow Strutt's words. In essence, some
scientific phenomena may be too popular subjects among scientists for
their own good. And, specific phenomena may comprise such a large
mass of data that they are humanly impossible to cumulate into a
comprehensive SR without using quantitative strategies (Johnson and
Eagly, 2014).

This narrative should not be taken to imply that SRs' success as a
scientific strategy has been linear and without controversy. To be sure,
controversies emerged, although it is intriguing that the most forcible
resistance emerged from scholars who found their own pet hypotheses
challenged by upstart SRs (Chalmers et al., 2002). In recent decades,
scholars have jumped on the SR bandwagon under the recognition that,
by pooling data from all relevant independent studies, the promise is
that human welfare and activities will improve. Unfortunately, some
commercial entities have also attempted to use the popularity of SRs as
a tool to improve their own economic bottom lines; for example, a re-
cent meta-review documented that meta-analyses with industry in-
volvement (e.g., authors on the staff of big pharmaceutical companies)
are massively published: 185 meta-analyses of antidepressant trials
appeared in a seven-year stretch (Ebrahim et al., 2016) and they seldom
reported caveats about the drugs’ efficacy (Ebrahim et al., 2016;
Ioannidis, 2016).

Aided in large part by the exponential growth in SR and meta-
analytic software (Polanin et al., 2017; Viechtbauer, 2010), it is now
possible for authors to generate meta-analytic statistics quickly and
efficiently. Yet, it is clear that doing so is no guarantee of a rigorous and
trustworthy SR. Indeed, conducting and publishing a SR with less than
optimal methods may actually worsen human welfare (Ioannidis,
2010). Importantly, rigorous SRs are in the best position to identify
subjects for which the evidence is the thinnest. Thus—at their
best—SRs help to focus resources on the most needed new research. In
short, science crucially needs strong SRs.

3. Assumptions involved in systematic reviews

The foregoing history did not detail specifically how it is that poor
rigor may undermine SRs. To put these assumptions into perspective,
we describe the basics of systematic reviewing, characterized as seven
main steps, which Fig. 1 briefly summarizes. (For more nuanced dis-
cussions or tutorials see, e.g., Borenstein et al., 2011, Card, 2015,
Higgins, 2008, Siddaway et al., 2019). This section outlines the as-
sumptions involved in systematic reviews by organizing them by step of
the SR process. First, the steps are highly synergistic: As Fig. 1 depicts,
rigorous work in the earlier steps facilitates better progress on the later
steps as well as better, more transparent reporting. Importantly, if early
steps of the process are undertaken with low rigor, then a systematic
review's conclusions ought to be regarded with considerable suspicion.
Similarly, SR teams often refine their methods as the process continues,
which entails returning to repeat earlier steps of the process until the SR
is completed with sufficient quality. Table 1 summarizes the advice that
we provide in the remaining sections of this article.
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Fig. 1. The meta-analysis process depicted in seven steps that build on each other and that sometimes must be repeated as feedback learned during the process
emerges.

Table 1
Methodological steps necessary to conduct systematic reviews (SRs), along with best-practice recommendations (the text expands on these points).

Description Do … Don't … For more information

1. Formulate the research
problem

• Use meta-reviews of prior SRs to identify the
most interesting questions

• Build a SR research team with broad expertise

• Rely on the SR team members' understanding
of the literature

• Create answerable questions by utilizing
TOPICS + M (see text) elements or alternative
formulations

• Use these questions to formulate systematic
inclusion/exclusion criteria

• Identify specific items to code

• Register the SR in advance

• Conduct a SR completely on your own

• Assume rationale for decisions is evident to
readers

• Decide on research questions without first
scoping the literature

• Embark on a review without registering the
protocol plan

Card (2015), Higgins (2008), Johnson
and Eagly (2014)

2. Find and select studies • From an early point, seek librarian advice to
improve searches

• Pilot search terms

• Search multiple databases and electronic hosts

• Search in languages for which relevant
literature exists

• Locate unpublished studies by searching trial
registries, relevant organizational websites,
and contacting experts

• Use duplicate, independent judges

• Ignore unpublished literature such as thesis,
dissertations, conference abstracts, or
organizational reports

• Rely solely on previous SR team's search
strategies to update a review

Grant and Booth (2009), Kugley et al.
(2016), Shea et al. (2017)

3. Code studies for key
features

• Assess methodological quality using a
standardized inventory

• Code descriptive and methodological features
of studies for descriptive purposes and
potential post hoc observations

• Conduct coding independently and in duplicate

• Assume coders will understand data extraction
process without training

• Code without first creating a coding form

• Code needless data (anything you didn't pre-
specify)

Card (2015), Cotterill et al. (2018),
Hoffmann et al. (2014), Johnson and
Eagly (2014), O'Neill et al. (2014)

4. Calculating effect sizes • Check assumptions (e.g., triangulate
calculations)

• Meta-analyses with between-group
comparisons should put study outcomes on a
single metric, if necessary

• Disaggregate studies to capture effects at
different levels of moderators

• In a SR without meta-analysis, descriptions of
results replace the pooling of effect sizes-
calculate and present effect sizes if
incorporating outcome data

• Use unstandardized mean difference effect sizes
unless all studies have the same metric and you
are sure all assumptions are justified

• Just average all effects or leave some out – if
you have enough studies, you may be able to do
more advanced modelling and not lose valuable
information

• Omit calculation decisions in the final report

Borenstein et al. (2011), Johnson and
Eagly (2014)

5. Analyse the systematic
review database

• Know the assumptions in play

• Consider appropriate adjustments such as for
clustering, small sample sizes, and outlier
analysis/adjustment

• Gauge heterogeneity of study outcomes and
report all heterogeneity statistics

• Attempt to describe heterogeneity by testing
moderators

• Check for publication or other reporting biases
using multiple tests

• Examine whether risk of bias and/or deficits in
methodological quality undermine key results

• In a SR without meta-analysis, take a
systematic approach to generate qualitative
impressions

• Base your modelling decisions off results from
analysis

• Ignore heterogeneity, if present

• Leave heterogeneity statistics uninterpreted

• Ignore study methodological quality in reaching
conclusions

• Use a single test of publication bias

• Use Failsafe N

Becker (2005), Borenstein et al.
(2011), Johnson and Eagly (2014),
Johnson and Huedo-Medina (2011),
Johnson et al. (2015)

(continued on next page)
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3.1. Formulating the research problem

In Step 1, the SR team formulates the research problem, a step that
relies on the SR team members’ understanding of the literature from
both a substantive and methods (including statistical assumptions)
perspective. Importantly, if the team lacks this strong conception, then
the SR will not be worth doing. Note that Step 1 is crucial from a
practical standpoint: The broader the research problem, the more re-
sources will be needed to complete the review in a reasonable time-
frame. Thus, a poorly framed SR may amount to a waste of valuable
resources. Such a SR may become so cumbersome that it may not even
be completed at all–or may take so long to complete that the literature
is irrelevant by publication. Reviewing prior SRs may help to guide the
team by identifying the more interesting questions that a new SR could
address. Doing so also ensures that the new SR is worth the massive
resources that are often needed for it to be rigorous and comprehensive.
Importantly, such an initial scoping search of the existing synthesis
literature may demonstrate whether a new SR should even be con-
ducted (e.g., because past SRs lacked rigor or are out of date) or may
highlight how a different focus could enhance the existing literature
base. The SR team should search online registries (e.g., Prospero,
Cochrane Collaboration, Campbell Collaboration), evidence gap maps,
and individual journals relevant to their discipline to see if similar SRs
are already in progress or have been conducted and whether these
address the same questions. If a team judges extant or ongoing SRs as
rigorous and as having addressed the most important questions, then
there is no reason to continue. In contrast, if there is a strong need for a
new SR and the team has the necessary conceptualization, then the
remaining steps of the process may also be formalized in advance and
with high rigor. As part of this process, authors of the proposed review
should describe existing review literature and how this new review
would build upon those previous reviews prior to embarking on a new
review, a section that could then be incorporated in the final review
manuscript.

When the SR focuses on a particular treatment, formulating a re-
search problem routinely utilizes a form of the PICOT, PICOS acronyms
(Haynes, 2006), or, as we introduce, the TOPICS + M acronym:

T: Time may concern the period when studies are of interest (e.g., if
the SR team is conducting a rapid review, typically only focusing 12
or 18 months' worth of studies) or may involve questions around
duration of effects (e.g., interventions immediate effect versus
longer-term outcomes). It also may concern how an effect is chan-
ging over time for a particular population (e.g., that perceived ra-
cism's linkage to depression is worsening with time).
O: The outcome is the measure or measures used to evaluate the
impact of the intervention (e.g., depressive symptoms). To prevent
reporting bias, it is ideal to pre-specify eligible outcomes with as

much detail as possible: Depending on the focus and scope of the
review, it may also be necessary to detail the type of measure of the
outcome that is relevant for the review (e.g., only standardized
measures of the outcome, such as objective measures of blood
pressure).
P: SRs must address the population to which the chosen topic is most
relevant, which may vary from clinical diagnoses (e.g., patients with
high levels of depressive symptoms) to ethnic and/or racial groups.
We recommend also specifying the geographic locale(s) of interest
(e.g., Latinx who have recently immigrated to the U.S.) as it will
affect the choice of literature sources, especially the location of grey
literature.
I: If the SR concerns treatments, then interventions refers to the
particular type of treatment provided to samples from the popula-
tion (e.g., mindfulness training to reduce stress).
C: The comparison references the standard to which the intervention
is compared. Treatment studies routinely include control groups
such as standard of care or placebo. Alternatively, a treatment study
may compare multiple treatments or may instead focus on one
treatment and use baseline levels of a condition to examine how
much the condition changes over time.
S: Study design refers to the method used to evaluate the phenom-
enon in question, such as randomised controlled trials (RCTs), un-
controlled trials, and cohort or cross-sectional studies. SRs often
focus on study design types that are considered high quality (e.g.,
only RCTs), but there is a strong caveat to this focus. Because it is
usually not clear what makes for the best possible study for a given
problem, and the most ecologically valid studies may in fact suffer
flaws, methodologists (Johnson et al., 2015) have recommended
broader samples of designs, so that it can be determined whether, in
fact, results differ between contrasting study design types. (We re-
turn to this issue in Step 3.) If the goal is a meta-review (a review of
reviews), then the type of review targeted should be stated (e.g.,
meta-analyses, meta-syntheses).
M:Moderators (also known as effect modifiers) are factors that the SR
team evaluates for their potential associations with outcomes. We
add “M” because it is nearly always the case, even in medical lit-
erature (Higgins et al., 2003), that studies exhibit significant levels
of heterogeneity; that is, treatment studies' effects routinely vary
more than sampling error expects them to vary. The existence of
heterogeneity implies the presence of one or more factors that make
study effects vary and that may be present in some of the included
studies or differ across included studies. Consequently, it nearly
always benefits a SR team to consider what factors may make their
effects larger or smaller, more positive or more negative. Of course,
to the extent that there is variation in the TOPICS elements, these
too can serve as moderators. If moderators are included in a SR, then
they are often added as secondary questions to be answered, but we

Table 1 (continued)

Description Do … Don't … For more information

6. Interpretation and
dissemination

• Make sure all assumptions are clear

• Identify post hoc adjustments that occurred
following registration and provide rationale

• Routinely archive data so that future SR teams'
work will be streamlined

• Assume that following PRISMA means high
quality

• Ignore heterogeneity, publication bias, and low
study rigor – these compromise the SR's
conclusions

• Leave readers to interpret quantitative
information on their own (guide them, instead)

Card (2015), Higgins (2008), Johnson
and Eagly (2014), Shea et al. (2017)

7. Re-analysis,
development, or
criticism

• Update SRs more often with rapidly developing
literature

• Use quantitative means to re-examine a SR's
conclusions

• Focus on the degree to which SRs had rigor and
pointing to areas where new, original research
should be conducted, or, alternatively, new SRs

• Reinvent the wheel – instead, return to existing
SRs to see what may be improved or advanced

Garner et al. (2016), Grant and Booth
(2009), Johnson and Eagly (2014); for
meta-reviews, specifically, see
Hennessy et al. (2019)
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recommend pre-specifying them at the protocol stage and thus we
have incorporated the “M” element into the standard PICOS fra-
mework. Finally, we recommend that, even if the SR team has no a
priori expectations about moderators, they should still specify “M”
elements; instead these can act as sensitivity analyses (e.g., to show
that an intervention is equally efficacious across men and women or
across racial categories). For example, Lennon et al.‘s (2012) SR
focused on HIV prevention interventions for heterosexual women;
this SR team theorized that intervention success hinges on levels of
depression the women have at the outset of the trial (we return to
this example, below). Notably, this factor had never been considered
in prior meta-analyses of HIV prevention trials, making it a hidden
moderator (Van Bavel et al., 2016).

TOPICS + M affords a linguistic advantage as well as a methodological
one, as literally SRs must define their topic of focus (plus moderators),
although original sources on PICO imply theorizing about moderators
(e.g., Haynes, 2006). Note that, as we elaborate below, some metho-
dological quality scales also give credit to SRs that make a priori attempt
to determine causes of heterogeneity (e.g., Shea et al., 2017). Numerous
other definitions similar to TOPICS + M exist, and we summarize some
prominent ones in Table 2; some of these are useful for non-interven-
tion study designs. Whether a formal TOPICS + M statement is used or
an alternative takes its place, Step 1 should lead the SR team to as
nuanced a statement of the research problem as possible. The work in
this step sets the stage for the remaining steps. For example, it helps the
team to identify the best literature search terms and literature sources
(e.g., especially grey literature sources that involve using sources other
than electronic databases), to use more systematic searching to de-
termine which studies will be included (and excluded) in the review,
and to determine which features of the studies most need coding.

As part of completing Step 1, the SR protocol should be drafted for
pre-registration, which details planned aims and analyses, before pro-
ceeding further (e.g., with PROSPERO or the Open Science Framework
[OSF]). Doing so conveys a certain degree of trustworthiness to the SR,
especially because systematic reviewing is essentially retrospective in
nature (Ioannidis, 2010): Review authors are often already aware of the
individual findings of many of the studies they plan to include. Thor-
oughness may also help ward off competition from other teams: It is up
to the SR team to be thorough and thoughtful in specifying primary and
secondary research questions, inclusion/exclusion criteria, and planned
analyses. Thus, the SR team should engage in most of the background
work and piloting of screening and coding forms prior to beginning the
review process, following contemporary protocol guidelines (Lasserson
et al., 2016; Moher et al., 2015) prior to registration. Accordingly, peer
review prior to publication should also compare the submitted SR with
any available pre-registered protocol.

3.2. Finding and selecting studies

Searches and selection criteria. In Step 2, SR teams conduct sys-
tematic literature searches to find as many qualifying studies as possible
(Nakagawa et al., 2017). If the research statement is well developed,
then, as noted, it economizes the search for studies and the process of
determining which located studies match inclusion criteria and qualify
for the review. Of course, there are exceptions to this rule: In the case of
Lennon et al.’s (2012) HIV prevention SR, it was necessary to retrieve
far more full-text reports for inspection, as these scholars realized that
trials may not report mental health dimensions in their titles and ab-
stracts.

Similarly, the rationale for each selection criterion should be clear
from the background to the review and should also be carefully justified
when reporting the SR. For example, review authors often decide to
base inclusion criteria around the study design of included studies (e.g.,
including only RCTs), an approach that may not always be warranted:
In every situation, the SR team must consider the review question andTa

bl
e
2

Se
le

ct
ed

po
pu

la
r

st
ru

ct
ur

es
fo

r
fo

rm
ul

at
in

g
qu

es
tio

ns
sy

st
em

at
ic

re
vi

ew
s

as
w

el
la

s
th

e
cu

rr
en

tly
pr

op
os

ed
on

e,
TO

PI
CS

+
M

.

A
cr

on
ym

(a
nd

Ci
ta

tio
n)

Ty
pe

of
St

ud
y

Th
em

e
of

To
pi

c
(R

ea
rr

an
ge

d
to

H
ig

hl
ig

ht
Si

m
ila

ri
tie

s)

Po
pu

la
tio

n
Co

nt
ex

t
Tr

ea
tm

en
t

Co
m

pa
ri

so
n

O
ut

co
m

e
St

ud
y

de
si

gn
M

od
er

at
or

s

CI
M

O
(D

en
ye

r
et

al
.,

20
08

)
O

rg
an

iz
at

io
n

an
d

m
an

ag
em

en
t

N
A

Co
nt

ex
t

In
te

rv
en

tio
n

N
A

O
ut

co
m

e
N

A
M

ec
ha

ni
sm

EC
LI

PS
E

(W
ild

ri
dg

e
an

d
Be

ll,
20

02
)

H
ea

lth
m

an
ag

em
en

t
Cl

ie
nt

gr
ou

p
Lo

ca
tio

n
Se

rv
ic
E

Ex
pe

ct
at

io
n

Pr
of

es
si

on
al

s
N

A
Im

pa
ct

N
A

N
A

PE
CO

(E
ur

op
ea

n
Fo

od
,2

01
0)

Fo
od

an
d

fe
ed

sa
fe

ty
ri

sk
as

se
ss

m
en

t
Po

pu
la

tio
n

N
A

Ex
po

su
re

Co
m

pa
ra

to
r

O
ut

co
m

e
N

A
N

A
PI

T
(E

ur
op

ea
n

Fo
od

,2
01

0)
D

ia
gn

os
tic

te
st

ac
cu

ra
cy

(f
oo

d
an

d
fe

ed
sa

fe
ty

ri
sk

as
se

ss
m

en
t)

Po
pu

la
tio

n
N

A
N

A
N

A
Ta

rg
et

co
nd

iti
on

(s
)
In

de
x

te
st

s
N

A
N

A

PI
CO

(S
)(

T)
(H

ay
ne

s,
20

06
)

Ep
id

em
io

lo
gy

,e
vi

de
nc

e-
ba

se
d

pr
ac

tic
e

Po
pu

la
tio

n
Ti

m
e

fr
am

e
In

te
rv

en
tio

n
Co

m
pa

ra
to

r
O

ut
co

m
e

St
ud

y
de

si
gn

N
A

PI
Co

(J
oa

nn
a

Br
ig

gs
In

st
itu

te
,

20
11

)
Q

ua
lit

at
iv

e
ev

id
en

ce
sy

nt
he

si
s

Po
pu

la
tio

n
Co

nt
ex

t
N

A
N

A
Ph

en
om

en
on

of
In

te
re

st
N

A
N

A

SP
IC

E
(B

oo
th

,2
00

6)
Q

ua
lit

at
iv

e
ev

id
en

ce
sy

nt
he

si
s

Po
pu

la
tio

n
Se

tt
in

g
In

te
rv

en
tio

n
Co

m
pa

ri
so

n
Ev

al
ua

tio
n

N
A

N
A

SP
ID

ER
(C

oo
ke

et
al

.,
20

12
)

Q
ua

lit
at

iv
e

ev
id

en
ce

sy
nt

he
si

s
Sa

m
pl

e
Ph

en
om

en
on

of
In

te
re

st
N

A
N

A
Ev

al
ua

tio
n

D
es

ig
n
R

es
ea

rc
h

Ty
pe

N
A

TO
PI

CS
+

M
(t

hi
s

ar
tic

le
)

In
te

rv
en

tio
ns

in
he

al
th

(o
r

ot
he

r)
sc

ie
nc

es
Po

pu
la

tio
n

Ti
m

e
In

te
rv

en
tio

n
Co

m
pa

ri
so

n
O

ut
co

m
e

St
ud

y
de

si
gn

M
od

er
at

or
s

N
A

=
N

ot
ap

pl
ic

ab
le

to
st

ru
ct

ur
e.

B.T. Johnson and E.A. Hennessy Social Science & Medicine 233 (2019) 237–251

241



use knowledge of the existing body of evidence when making decisions
about how to include and combine different study designs and make
these assumptions clear to the reader.

Grey literature. A number of disciplines have well-documented
reporting biases such that studies with significant and positive effects
are more likely to be submitted for publication and eventually pub-
lished, and, as a result, the synthesis outcome is somewhat inflated
(Dwan et al., 2008; Easterbrook et al., 1991; Fanelli, 2012; Franco et al.,
2014; Munafo et al., 2009; Polanin et al., 2017). Consequently, it has
become a standard of high quality SRs to search for grey literature,
unpublished work relevant to the defined TOPICS + M. Although some
authors argue that grey literature is unpublished because it has lower
quality, unless unpublished studies are gathered, it cannot be known
whether in fact unpublished studies have low rigor; as well, in many
disciplines, much published research has low rigor and, often, un-
published studies (e.g., theses, dissertations) have high quality (Hanna,
2015). Thus, authors should attempt to be as comprehensive in their
searches as possible and to search for and include grey literature, al-
though how exhaustive the search is will depend largely upon available
resources, and even when using comprehensive search practices, it is
likely reviews still lack some relevant studies (Delaney and Tamás,
2018). The scope of the literature search should be addressed in the
conclusions and limitations section of the SR, especially if given deci-
sions made by the review team, it is likely there is missing and relevant
literature to the review; only review teams with incoming substantive
expertise of the field can estimate how likely bias would be, and teams
should always critically reflect on potential implications of their deci-
sions.

Mono-language bias. It may come as a surprise to native-English
speakers, but much scientific literature appears in other languages: To
the extent that studies appear in multiple languages, mono-language
searches or inclusion criteria based on language of publication are a
weakness, as there is no guarantee that results replicate across the
cultures where these studies were conducted. For example, a meta-
analysis found that a particular gene association reversed when Chinese
literature was retrieved and compared to studies reported in English
(Pan et al., 2005). Similarly, a meta-review of 82 meta-analyses re-
vealed that behavioural studies conducted in the U.S. achieve larger
effect sizes than in other countries, whereas there was no difference for
non-behavioural studies (Fanelli and Ioannidis, 2013). SR teams should
consider whether their research question is likely to have publications
in other languages and may need to adapt their scope if they decide not
to include non-English literature. In general, as with the collection (or
not) of grey literature, SR teams should reflect on this decision and
detail whether it influences the findings.

Necessary teamwork. No matter how refined a research statement
is, literature searches are nearly always highly time- and energy-de-
pendent. Because the number and diversity of databases quickly
changes, it has increasingly become a hallmark of high quality SRs that
their teams include librarians and information retrieval specialists who
are trained in systematic literature retrieval; doing so routinely im-
proves and economizes searches. Team members should screen ab-
stracts independently and in duplicate. If reliability is high on a ran-
domly selected portion of the potential studies, then it is permissible to
do single screening, which saves resources: The AMSTAR 2 tool sug-
gests that there should be a kappa score between two independent re-
viewers of 0.80 or greater to ensure trustworthiness of decisions (Shea
et al., 2017). Although there has been no set standard for how large of a
randomly selected portion to use, based on our experience, we would
suggest examining the first 10% and then every 10% thereafter until
high agreement (i.e., benchmark suggested by AMSTAR) is reached.
Nonetheless, in some cases, this process may simply lead to the reali-
zation that all tasks must be done in duplicate in order to ensure
trustworthiness of the findings. Another option is to use a liberal
screening approach such that one person screens all potentially eligible
studies and a second screener only reviews those that the first person

excluded, to ensure the search does not exclude anything that should be
included. We have emphasized the teamwork involved in successful
SRs; committed, honest team members help to correct each other's
mistakes. Practically speaking, without duplicate effort, there is no way
to report reliability.

The future of report screening. In recent years, computer scien-
tists are have developed automated search engines and screening tools
(Carter, 2018; Marshall et al., 2018; Przybyla et al., 2018; Rathbone
et al., 2015). Following human interaction to train them, which again
should utilize duplication of effort, these widgets then make fast work
of abstract selection. One problem with this method is its technical
demands (Paynter et al., 2017). Another cost- and time-efficient method
is crowdsourcing selection of literature using online workers
(Mortensen et al., 2017).

3.3. Coding studies for substantive and methodological features

A strong formulation of the research problem leads to coding
methods that capture the most interesting aspects of the studies, those
that the SR team expects will moderate effects. For example, SRs of
interventions commonly examine which behaviour change techniques
were tapped in an effort to improve participants' health (Michie et al.,
2013); the dosage of treatment is another common dimension. A coding
formulation should not overlook (a) items that tap risk of bias and/or
methodological quality; and (b), descriptive features of studies that will
accurately depict the underlying characteristics of included studies and
may be helpful for post hoc observations. As much as possible, the au-
thors should specify items for data extraction prior to reviewing the
studies; then, they should pilot data extraction forms to ensure coders
understand the coding dimensions and requirements. Some frameworks
that could be useful tools to create a detailed data extraction form in-
clude PROGRESS-Plus for variables related to equity issues between/
among included populations (O'Neill et al., 2014), TIDieR for key in-
tervention components (Cotterill et al., 2018; Hoffmann et al., 2014) or
the Behaviour Change Taxonomy and its associated coding system
(Michie et al., 2013), and the clinicaltrials.gov checklist for a fully-re-
ported outcome measure (e.g., see https://prsinfo.clinicaltrials.gov/
data-prep-checklist-om-sa.pdf).

It is helpful to include a codebook along with the standardized form
that details key definitions or operationalisations the coders will need
to ensure accurate coding; software facilitates the process, especially
with large SRs. As with screening, it is best to double-code in-
dependently and in duplicate and resolve discrepancies as they arise.
Review authors should also consider what items may need to be coded
qualitatively (e.g., using direct quotations from reports) and what
content should be coded in a summary manner (e.g., using categorical
response options). These strategies should be evaluated ahead of time
by trying the dimensions on small (but diverse) samples of studies.
Meeting often throughout this part of the review process will help en-
sure that data extraction mistakes are caught and addressed quickly.
Finally, advances in artificial intelligence are beginning to economize
these operations (Sumner et al., 2019).

In science, generalizations of new knowledge depend on having
valid observations in the first place, and it is well known that people
routinely use misleading or false information (cf. De Barra, 2017;
Ioannidis, 2017). Thus, if the methodological quality of studies is as-
sessed, then the SR team has a means to determine if conclusions of the
SR hinge on the inclusion of studies that lack rigor. Unfortunately, other
than psychometric artefacts, which attenuate effect sizes (Schmidt and
Hunter, 2015), and bias introduced with p-hacking or selective re-
porting (Kirkham et al., 2010a,b; Rubin, 2017; Williamson et al., 2005),
which tend to exaggerate effects, little is known about the effects of
other methodological problems, such as confounds between groups
randomly assigned to condition (Higgins, 2008; Johnson et al., 2015;
Valentine, 2009). Thus, it should be evident that even if a SR team
limits a review to RCTs, there can still be flaws in individual RCTs due
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to individual research decisions or mistakes (e.g., poor blinding or al-
location concealment, inadequate randomisation, other biases in-
troduced during the process).

The SR team should use the most appropriate methodological
quality instrument for the type of study designs that appear in their SR;
multiple scales may be needed if the study design inclusion criteria are
broad. It is best not to design new scales for this purpose, as there are
many standardized and appropriate tools for various study designs and
for treatments in particular disciplines. Even as early as 2003, there
were nearly 200 tools available to evaluate non-randomized designs
(Deeks et al., 2003), let alone quality inventories for RCTs. Tools re-
commended for SRs focused on outcomes from intervention studies
include the Cochrane Risk of Bias for RCTs (Higgins et al., 2011) or the
ROBINS-I tool for non-randomized studies (Sterne et al., 2016) as these
have been created to address the major issues relating to risk of bias in
primary studies and, as such, are considered the gold-standard of risk of
bias tools and are widely used.

Many meta-analyses create summative scales from the individual
items assessing methodological quality, but this practice makes the
operational specificity assumption, which is that the items have units that
bear with equal weight, when it is possible that even one crucial flaw
could invalidate a study (Valentine, 2009). Thus, it is best to examine
whether the specific, individual defects undercut conclusions (Higgins,
2008; Johnson et al., 2015). If an intervention effect appears only in the
weakest studies, then it undermines any conclusion that the interven-
tion is efficacious. Thus, results from this analysis of risk of bias must be
incorporated into the discussion of evidence of the effects. A tool to
assist in this regard is the GRADE approach (Balshem et al., 2011,
Canfield and Dahm, 2011), including the GRADE CerQUAL for quali-
tative meta-syntheses (Lewin et al., 2015), which provide guidance for
systematic assessment of the outcome in light of the quality of the
evidence in the review and the potential areas of bias among individual
studies. The GRADE approach emphasizes ratings based on studies’
limitations, consistency, and precision of outcome findings (i.e., di-
rectness of how well a study addressed questions of interest, and pub-
lication bias) and results in high, moderate, low or very low ratings of
the quality of evidence for a particular outcome. Obviously, GRADE
emphasizes exactly the factors that SR teams should be integrating in
their SRs. Yet, without standardized tools such as GRADE, there is little
systematic guidance for the presentation of conclusions and the result is
that stakeholders could easily misread reports due to lack of precision
(or even in some cases subjective reporting) on the part of the re-
searcher (Knottnerus and Tugwell, 2016, Lai et al., 2011; Yavchitz
et al., 2016). Thus, while the rigor of GRADE depends on how well it is
applied, without such a standardized system, review authors can allow
bias (e.g., significant results) to interfere with nuanced and accurate
reporting.

3.4. Calculating effect sizes

SRs qualitatively or quantitatively pool results. A meta-analysis puts
study outcomes on the same metric to pool results; effect sizes may
examine associations between variables, mean levels of a phenomenon,
or both. In a SR without meta-analysis that focuses on outcomes, qua-
litative descriptions of results replace the pooling of effect sizes, but
authors should also present single effect sizes for each study or the
available quantitative results from the reports.

Calculating effect sizes is a central problem when examining treat-
ments with continuous outcomes (e.g., quality of life, depression scores,
substance use), which generally requires use of the standardized mean
difference (SMD) due to multiple continuous outcomes and a variety of
measurement tools. In contrast, this issue is much less problematic in
studies using dichotomous outcomes (e.g., abstinent, mortality rate) or
those with correlational data. As we noted, the SMD especially becomes
more complicated because of the myriad of details that studies report
(or fail to report). One initial step is to reach out to authors to ask them

to provide the team with the necessary data. Yet, when primary study
authors are unavailable or unresponsive to requests for data, SR teams
may not think creatively enough about what to do when the standard
statistics, such as means and standard deviations, seem to be missing in
study reports. There are many ways to get around poor primary study
reporting: (a) Use figures, other results or test statistics (e.g., results
from an F test; see the online effect size calculator (Wilson n.d.)). (b)
Extrapolate a matrix of correlations from structural equation results
(Kenny, 1979). (c) Estimate the mean and variance from the median,
range, and sample size (Hozo et al., 2005). (d) In studies that use
analysis of variance (ANOVA), even if the report omits the critical
comparison of conditions, it is still possible to determine a pooled
standard deviation if other F tests are provided, along with relevant
means; thus, if the two means to compare are available, an effect size
may be calculated (Cohen, 2002, Johnson and Eagly, 2014). When in
doubt, it is always advisable to consult with a statistician.

The foregoing strategies reveal that there are many ways to calcu-
late effect sizes. When studies report multiple means of calculating ef-
fect sizes, all that have the same level of inferential information should
be used (e.g., means and standard deviations and t or F tests), to tri-
angulate on the best estimate. Continuous information is more accurate
than categorical information; thus, means (e.g., levels of life satisfac-
tion, depression) are better than count information (e.g., proportions
recovering from illness). It is also preferable to re-calculate the effect
sizes, rather than rely on the original study authors’ calculations, to
make sure that the effect sizes and their signs are accurately coded.
Note that including studies with weaker statistics is still considered
preferable to dropping studies for being relatively inaccurate. Again,
consulting with a statistician about problematic cases is always ad-
visable. Then, sensitivity analyses evaluate whether these particular
estimates are outliers or unduly influence the model.

After the calculation of effect sizes, the next consideration prior to
analysis is whether the effect sizes need to be adjusted for small sample
bias (which is conventionally the case for the SMD), or to a metric that
addresses coefficients with undesirable statistical properties (e.g., in the
case of correlations transforming to Fisher's z), as well as how to
identify and handle outliers. Additionally, once the chosen effect size is
calculated, attention to the calculation of its standard error is the last
important consideration before analysis; the standard error for each
effect is an estimate of the degree of sampling error present and a
variation of it is used as weights in meta-analytic statistics (Borenstein
et al., 2011, Hedges and Olkin, 1985; Lipsey and Wilson, 2001). Note
that the standard error is a gauge only of the potential for sampling
error and not of other types of error (e.g., low methodological rigor; for
more detail on such matters, see sources cited in Table 1).

3.5. Analysing the SR database

Analytic assumptions. In classical meta-analysis, non-in-
dependence among studies in a review is another problem that might
need to be handled at multiple stages in the review process. The first
occurrence is when the effect sizes are calculated because non-in-
dependence, if ignored, can result in inaccurate study weighting. Non-
independence may result because (a) studies have more than one re-
levant measure of an outcome; (b) because a comparison group is used
more than once in calculating effect sizes (e.g., multiple treatment arms
compared with a single control group); or (c) when primary studies do
not appropriately adjust for clustering within their own sample (i.e., in
the case of a cluster-RCT). Thus, it is important to attend to dependency
by first examining how clustering was handled in any of the primary
reports utilizing cluster-RCTs: Adjustments to the effect size standard
error should be made if primary study authors did not attend to this
issue (Hedges, 2007). Regarding non-independence among studies in
the sample due to multiple effect sizes per study, if there are sufficient
studies, it is best to model the non-independence (e.g., using robust
variance estimation (see De Vibe et al., 2017; Hedges et al., 2010);
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another approach is structural equation meta-analysis (Cheung, 2014)),
rather than selecting one effect size or averaging similar effect sizes for
each study. These strategies are particularly valuable when there are
large numbers of studies available and are preferable to simply aver-
aging effect sizes within studies, a solution that can lose valuable in-
formation. Whichever method is chosen to address non-independence
among samples in the review, it should be documented.

Analyses should be conducted appropriate to the questions and the
literature base. In the health sciences, research questions often address
diverse samples, treatments, or environments, all of which may con-
tribute to inconsistencies in results across studies. Consequently,
models that follow random-effects assumptions are relatively con-
servative but typically the most appropriate modelling choice given the
likely variability in health sciences questions, interventions, and po-
pulations, although there are cases where fixed-effect assumptions are
better (Borenstein et al., 2011). Others have argued for the use of un-
restricted weighted least squares meta-regression to account for het-
erogeneity (Schmid, 2017, Stanley and Doucouliagos, 2015). Given the
diversity of options available to synthesis authors, modelling choices
should be explicitly stated, and justification should be provided. Yet,
despite an increase in power due to pooling studies, many meta-ana-
lyses using random-effects models are in fact underpowered to detect
effects because of the parameters needed to estimate between-study
variance. Thus, power analysis should be considered in advance of
undertaking a review of diverse literature. Additionally, any primary
analysis must incorporate an assessment of heterogeneity and should
consider publication or other reporting biases that could exist alongside
substantive moderators.

In a SR without meta-analysis, qualitative descriptions of results
replace analyses. SR teams may choose to omit a meta-analysis for
several reasons: (a) if the literature is new and small (one cannot do a
meta-analysis when there is only one study); (b) studies in the literature
lack rigor; (c) the included studies are extremely different and the team
has no hypothesized potential moderators; (d) if the review question
centres on processes, theory development, research of a qualitative
nature; or (e) the SR team lacks the statistical expertise to conduct a
meta-analysis. It is important to note that simply lacking the expertise
to conduct a meta-analysis is not adequate justification for conducting
an outcomes-focused narrative review of a field that has sufficient
primary study evidence for a quantitative analysis. Teams without such
expertise should identify this need at the outset and set the scope of
their SR accordingly, or, enlist the help of an expert meta-analyst early
in the process. Authors must also carefully reflect on the potential study
designs and areas for heterogeneity at the start of the review process
(i.e., during protocol development) and attempt as much as possible to
determine ahead of time whether a meta-analysis (versus a narrative
review) will be possible. If, during the course of the review, the authors
realize that a pooled synthesis is not possible or would not provide clear
answers, authors may decide that it is better to map the existing re-
search eligible for the review, rather than focus on outcome (effec-
tiveness) data; however, this post hoc decision should be transparently
reported with reasonable justification and all collected outcome data
should still be reported in a standardized format (e.g., as effect sizes).
That is, the judgement that “the studies were too clinically hetero-
geneous to combine” is an insufficient rationale for not conducting a
meta-analysis. As with all research designs, the best design for the
question of interest should be utilized in a synthesis endeavour, given
the resources available.

The decision to conduct a meta-analysis–or a qualitative analysis–is
one that review authors must consider and justify given the research
question and scope. The larger the literature is, the more the risk rises
that a reviewer may take shortcuts that reduce the accuracy of the
conclusions reached; thus, a SR may fall prey to the same “cherry-
picking” problems that vexed reviews before meta-analysis became
commonplace: Selecting studies whose results support the SR author's
biases and views. Thus, SR teams need to erect barriers that prevent

selectively presenting study findings.
Moderators of effects. The fact that, in nearly every literature,

study results are routinely highly variable led us to advocate in
TOPICS + M a priori specification of moderators for substantive di-
mensions (or as sensitivity analyses). Meta-analyses have the best
possibility of locating cross-study inconsistencies, because quantitative
indexes have been developed to gauge it (see next sub-section,
Heterogeneity). Literally, these examine whether there is more varia-
bility in effect sizes than would be expected by sampling variance alone;
that is, the null hypothesis is that there is homogeneity and, when the
hypothesis is rejected, the statistical inference is that heterogeneity
exists (Borenstein et al., 2011; Hedges and Olkin, 1985). Heterogeneity,
in turn, implies that there is more than one population effect at work in
the literature, or that a range of population effects exists. In turn, a
mean effect size for such a literature is not very precise and instead,
moderators should be evaluated.

Reviewers can systematically examine heterogeneity by testing
moderators driven by applicable theory and relevant research. In Step
1, SR teams specify moderators chosen for the analysis; unexpected
moderators tested post hoc should be so identified for readers. It is
important to remember what the moderator means in the meta-analytic
context and interpret results appropriately. For example, a variable
such as percentage of male participants is analysed at the study, not
individual level; if gender is identified as a significant moderator of trial
outcomes, then, outcomes improved to the extent that studies sampled
larger portions of a certain gender (e.g., females). The SR team is not
justified to infer that “this intervention worked better for females” only
that it worked better for studies with larger proportions of female
participants. If they have sufficient numbers of studies, SR teams should
evaluate moderators that are significant in bivariate models in si-
multaneous, multiple-moderator models. Locating patterns whereby
some moderators uniquely predict effect sizes potentially reduces con-
founding between predictors and thus yields a clearer picture of results
(Tipton et al., 2019). Similarly, SR teams should examine whether re-
sults hinge, either overall or by interaction with moderators, on the
inclusion of lower quality studies; findings that hinge on studies with
low rigor should be interpreted with appropriate caution (Johnson
et al., 2015; Valentine, 2009).

When reporting moderators, it is helpful to depict results in either
graphical or tabled form. Johnson and Huedo-Medina (2011) in-
troduced the moving constant technique, with which analysts use meta-
regression models to create graphs or tables of estimated mean effect
sizes plotted against moderator values, including confidence intervals,
or confidence bands around the meta-regression line. This technique
can also be used to estimate mean effect size values and confidence
intervals at moderator values of interest for moderators that reached
statistical significance. Specifically, analysts may move the intercept to
reflect interesting points along or beyond a range of independent
variable values. Returning to Lennon et al.’s (2012) meta-analysis of
HIV prevention interventions for women, these scholars showed that
trials succeeded better for samples with higher baseline depression: As
Fig. 2 shows, on average, risk reduction was large and significant for
samples with the highest mean levels of depression, whereas for sam-
ples with lower levels of depression, interventions failed to change risk.
(Separate analyses also revealed that reducing depression was asso-
ciated with greater risk reduction.) Results presented in this form help
show at what levels of a moderator an effect exists. Returning to the
significant gender moderator example above, now, we can answer the
question of whether, on average, trials significantly succeeded for male
vs. female samples. Such estimates, in turn, can be highly informative
when interpreting the nature of the phenomenon being studied in the
meta-analysis, especially when a comparison to an absolute or a prac-
tical criterion is important.

The moving constant technique also permits analysts to estimate
confidence intervals for an effect size at particular values of one or more
independent variables (and thus to avoid artificially dichotomizing

B.T. Johnson and E.A. Hennessy Social Science & Medicine 233 (2019) 237–251

244



continuous predictor variables). In multiple moderator models, an ex-
tension of the moving constant technique is to show what average effect
appears for combinations of moderators. For example, MacDonald et al.
(2016) showed that resistance exercise creates large to very large
beneficial effects for the systolic blood pressure of (a) non-White sam-
ples (b) with hypertension at baseline, (c) who are not taking medica-
tions, and (d) who perform eight or more exercises per session. (Similar
effects emerged for diastolic blood pressure.) Another reason analysts
should emphasize the confidence intervals around such point estimates
is because they are more conservative. In the MacDonald example just
provided, their model estimated a 1.02 standard deviation average
blood pressure improvement for resistance exercise, but the 95% con-
fidence interval on this estimate was 0.67 to 1.36, so there is a con-
siderable range.

When literature have sufficient size and spatial variability, spatio-
temporal meta-analyses can incorporate ecological- and/or community-
level variables in their models (Johnson et al., 2017, Marrouch and
Johnson, 2019). For example, Reid et al. (2014) examined whether the
success of HIV prevention interventions for African Americans de-
pended on levels of prejudice these people experienced. In fact, inter-
ventions failed, on average, for trials conducted in relatively prejudiced
communities and succeeded better to the extent that Whites were not
prejudiced. Using spatiotemporal factors along with study-level factors
can help diverse disciplines to converge, a practice that ought to be
encouraged for a journal like Social Science & Medicine, which prides
itself on its interdisciplinary nature. Of course, as Kaufman et al. (2014)
recommended, SR teams may seek guidance from experts in multiple
disciplines and also pursue ecological and/or spatiotemporal models of
the effects in their reviews (Johnson et al., 2017), though of course
these matters should be considered at the outset, in Step 1.

Heterogeneity. Heterogeneity in a review is one of the most im-
portant areas to assess and an area that is often ignored or, even worse,
misinterpreted. We have already noted that its existence sharply chal-
lenges the interpretation of an overall mean effect size (in the case of a
random-effects model, it literally implies a mean of means). The real
question for meta-analyses is whether there is still large or significant
heterogeneity remaining after applying moderators. Conventional
practice is to use and report multiple assessments including I2, τ2, and Q
(and its associated p-value), as there are a number of documented
limitations with individual tests of heterogeneity. For example,

although in theory I2 does not depend on the number of studies and is
easily interpretable on a scale of ∼0–100% (Higgins et al., 2002,
Higgins et al., 2003), I2 is a relative rather than absolute measure of
heterogeneity; it also increases with the inclusion of larger samples of
studies and thus may artificially increase in a particular literature over
time (Borenstein et al., 2017; Rucker et al., 2008). Additionally, re-
search has demonstrated that in meta-analyses with smaller k, I2 can
have substantial bias (Von Hippel, 2015); for this reason, reporting of
the random-effects variance, τ2, is also recommended (Schwarzer et al.,
2017). Similarly, Q values also vary by choice of measure of effect; thus,
directly calculating I2 from Q yields results that deviate from the the-
oretically intended values (Hoaglin, 2017). I2 has a limited maximum
value (100%), but is literally based on Q, which has an infinite max-
imum value; consequently, I2 is not quite linear, although a convention
has emerged with 25% being small, 50% medium, and 75% large het-
erogeneity (Higgins et al., 2003). Nonetheless, analysts should keep in
mind that the inference of heterogeneity is a yes or no inference based
on a significant test statistic.

Another consideration with heterogeneity is whether the hetero-
geneity may be attributed to one or more outliers included in the SR
(Viechtbauer and Cheung, 2010). If removal of one or two outlying
effects markedly decreases heterogeneity, then the SR team can ex-
amine these as a post hoc effort to determine whether they differ in
important respects from other studies. Alternatively, it may be that
some moderator should have been coded but was missed when con-
ceptualizing the review. Finally, outlying effects can be winsorized
(e.g., reduced to a reasonable magnitude compared to other effects) so
that they do not unduly influence results.

Publication bias. Publication bias (viz. small-studies or reporting
bias) refers to a tendency for certain findings to be published, generally
those that reach statistical significance, rather than null, findings. There
are multiple tests SR teams can use to assess the potential of this bias in
a review; each has limitations and therefore SR teams are advised to
triangulate data from multiple assessments. Although many sources
recommend examining visual plots, such as funnel plots, this practice
can be quite subjective and thus more critical sources have re-
commended quantitative approaches, such as regression-based assess-
ments: Tests such as Begg's (Begg and Mazumdar, 1994), Egger's (Egger
et al., 1997), and PET-PEESE (Stanley and Doucouliagos, 2014) ex-
amine whether there is a skew to effects (such that smaller studies
exhibit larger effects). It is important to realize that such tests generally
assume a single population effect size; therefore, in the face of het-
erogeneity, inferences of publication bias are perilous. In parallel, the
existence of publication bias can artificially restrict the range of known
effect sizes, perhaps even to the point of (artificial) homogeneity. It is
important to note that a number of reasons may drive the appearance of
an asymmetrical funnel plot, including heterogeneity due to moderators
(Lau et al., 2006). Thus, SR teams must carefully consider how likely it
is that reporting and publication bias exists in their particular field and
the likely impact it has on the review. As well, we must caution against
the use of Failsafe N, as it relies on arbitrary assumptions (Becker,
2005).

Many sources advocate direct tests of publication bias, such as
comparing effects garnered from journal articles versus those from
theses and dissertations (e.g., Card, 2015, Johnson and Eagly, 2014),
and we advocate the very practical strategy of examining whether null
effects appear in peer-reviewed publications and whether grey litera-
ture studies routinely achieve significant effects. Contour-enhanced
funnel plots can be a useful tool for this purpose, plotting effect sizes
with differing symbols for publication status. Fig. 3, Panel a, shows a
literature in which study effects routinely reached statistical sig-
nificance no matter whether published (solid dark blue markers) or not
(grey markers). Panel b shows a literature in which the grey literature
routinely does not reach significance; here is one with strong evidence
of publication bias. Finally, Panel c shows a literature with hetero-
geneity, no matter whether grey or published studies are considered,

Fig. 2. Empirical demonstration of the moving constant technique: Sexual risk
reduction following a behavioural intervention as a function of each sample's
baseline depression. Sexual risk behaviour declined following the intervention
at the last available follow-up to the extent that samples had higher levels of
baseline depression (treatment [control] group effects appear as darker [white]
triangles and the size of each plotted value reflects its weight in the analysis).
The solid regression line indicates trends across initial levels of depression;
dashed lines provide 95% confidence bands for these trends. Reproduced from
Lennon et al. (2012).
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and it is the goal of the SR team to find moderators of effects, if possible.

3.6. Interpretation and dissemination

In elaborating Steps 1 through 5, we have already offered much
advice that is relevant to Step 6, interpretation and dissemination.
Broadly speaking, the SR's methodological operations need to be clearly
stated and its key assumptions carefully defended. As Fig. 1 implies,
performing Steps 1–5 with rigor logically eases matters of interpreta-
tion and dissemination. The review report should be considered as
though it were a primary experiment: (a) What do readers need to know
so that they could reproduce the results of this SR? (b) What about the
methods should be related so that readers understand potential biases
introduced by the review team during the review process?

Given the rising frequencies of meta-reviews, published SRs will
likely be reviewed for best practice SR standards using standard review
criteria (e.g., AMSTAR 2: Shea et al., 2017; risk of bias in systematic
reviews [ROBIS]: Whiting et al., 2016). Because of potential feedback
loops in the process (Fig. 1) whereby the SR team serendipitously learns
better strategies for reviewing the studies in question, it is incumbent
on the team to report when, what, and why the process returned to an
earlier step (e.g., because it was discovered that search terms omitted
studies that would have qualified). The team must identify post hoc
adjustments that occurred following registration and provide rationale
for these deviations because it is not safe to assume that readers will
compare a protocol to a published review. Transparency is important to
reduce potential bias in reviews. For example, recent meta-reviews
demonstrate that as many as 20–30% of systematic reviews are prone to
selective inclusion and reporting of outcomes (Kirkham et al., 2010a,b;
Mckenzie, 2011; Page et al., 2013; Tricco et al., 2016).

Although such information partially mirrors the PRISMA checklist,
the checklist is formally a list of reporting standards. It does not directly
necessarily address methodological quality. Indeed, Table 3 overlays
the PRISMA checklist (Moher et al., 2009) with an important, recently
developed assessment of methodological quality for systematic reviews
(AMSTAR 2; Shea et al., 2017). There is only partial overlap: Thus,
while authors may think they are adequately following SR standards
when they “follow PRISMA standards,” they may miss some key areas
for conducting a methodologically rigorous SR. Thus, we assert that
merely following PRISMA reporting guidelines does not guarantee high
quality.

As Table 3 details, conclusions must take into account whether
studies exhibit deficits in methodological quality. Limitations about the
primary studies involved should primarily be discussed in the results
section (e.g., when presenting risk of bias information) and how these
influence conclusions to be made from the review or when discussing

how primary study authors should do a better job of measuring and
reporting certain variables (e.g., if evidence for an effect is only found
in the weakest studies, then its existence is in considerable doubt).
However, SR authors must also focus on the limitations introduced by
the decisions they made or methods used: For example, perhaps there
was not enough funding to employ a double-screener or perhaps the
review team could use only one language for searches. Thus, review
authors must thoughtfully consider how these decisions may (or may
not) influence the implications from the review and discuss them for the
reader.

Finally, in the discussion and concluding sections, audiences will
benefit most if findings have been transformed into a meaningful metric
as pooled effect sizes of a literature are not always intuitively mean-
ingful in and of themselves. Thus, a SR should answer the question:
What do these findings mean? For example, if the review assessed
whether brief alcohol interventions were effective in reducing adoles-
cent substance use, the outcome could be transformed into a clinically
meaningful metric such as number of days’ reduction in use, rather than
a standardized mean difference (Hennessy and Tanner-Smith, 2015).
Similarly, Macdonald et al. (2016) converted their standardized mean
difference estimates for the impact of exercise into millimetres of
mercury (Hg), the standard interpretive guide for clinicians. Other
sources provide similar tips for presentations and help SR teams ponder
their findings and what they imply for the domain being reviewed (e.g.,
Borenstein et al., 2011; Card, 2015, Johnson and Eagly, 2014).

3.7. Re-analysis, development, or criticism

Some literature develop rapidly, outdating extant SRs, and making
updated SRs valuable sooner. Alternatively, a SR team might theorize
that dimensions that were not considered in a published SR might help
explain observed heterogeneity; as long as the original SR's methods
were of high quality (see Tables 1 and 3), then the previous SR's da-
tabase, if available, may be reanalysed to evaluate these hypotheses,
although of course, if the SR is dated, a new literature search should be
performed along with Steps 3–7 as necessary. This recommendation
takes advantage of data archiving; sharing databases is a way to save
work and accelerate progress on the newest SR, but it assumes that the
previous SR team has done an adequate job on their own journey
through all the steps we have documented. Critics may target a SR that
reaches conclusions they do not trust, but optimally, such critiques
should take quantitative form, focusing on the degree to which SRs had
rigor and pointing to areas where new, original research should be
conducted, or, alternatively, new SRs.

To stay relevant to current conditions, many reviews should be
updated regularly, depending on how rapidly new studies are emerging,

Fig. 3. Contour-enhanced funnel plots showing effect sizes from three literature (a) one with no clear evidence of selective (e.g., publication) bias, as even published
studies (solid triangles) commonly achieve null results and unpublished studies (hollow triangles) achieve statistically significant outcomes (this distribution is also
homogeneous, τ2 = 0.00047, I2 = 0%); (b) one with marked evidence of selection bias, with only published studies routinely finding a significant effect and
unpublished studies routinely finding non-significant effects (τ2 = 0.00047, I2 = 0%); and (c), a literature with marked heterogeneity (τ2 = 0.0145, I2 = 61%). The
contours surrounding the null value show at which points individual effects reach significance. Effects in the white zone are statistically non-significant, where the
significance level is set at p > . 05.
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Table 3
Comparison of AMSTAR 2 with the PRISMA checklist for systematic reviews (SRs), ordered using AMSTAR 2's items, and using the AMSTAR 2's “yes” categories as
high quality; this comparison also indicates the AMSTAR 2 items deemed critical by its authors (marked with ✪), as well as two that the current authors believe are
also critical (✰).

AMSTAR 2 items and operational definitions Relevant PRISMA checklist item(s)

Question Best practice Comment

1. Did the research questions and inclusion
criteria for the review include the
components of PICO?

High quality: Specify PICO (Population,
Intervention, Comparator, Outcome);
timeframe for follow-up is also
recommended.

4. Provide an explicit statement of
questions being addressed with reference
to participants, interventions,
comparisons, outcomes, and study
design (PICOS).
6. Specify study characteristics (e.g.,
PICOS, length of follow-up) and report
characteristics (e.g., years considered,
language, publication status) used as
criteria for eligibility, giving rationale.

PRISMA is more sophisticated in terms of
study design but omits explicit statement
regarding expected patterns of moderation.
As we expand in the text, we advocate
usage of TOPICS + M, where T = time,
S = study design, and M = moderators.

✪ 2. Did the report of the review contain an
explicit statement that the review
methods were established prior to the
conduct of the review, and did the report
justify any significant deviations from
the protocol?

Minimal quality (“partial yes”)
necessitates: written protocol or guide
that included: review question(s), a
search strategy, inclusion/exclusion
criteria, a risk of bias assessment.
High quality: SR should also have
specified: a meta-analysis/synthesis
plan, if appropriate, and, a plan for
investigating causes of heterogeneity,
justification for any deviations from the
protocol.

5. Indicate if a review protocol exists, if
and where it can be accessed (e.g., Web
address), and, if available, provide
registration information including
registration number.

SR protocol may receive partial credit, but
if not published/registered, then it would
not get full credit. If authors have not
registered it and do not state specifically
that they included the items (pre-
specified), then would not get any credit. If
it is clear that the authors had a protocol,
and also deviated, but did not justify
deviations, they would also only get partial
credit.

3. Did the review authors explain their
selection of the study designs for
inclusion in the review?

High quality: Explain why only RCTs are
included, only NRSI, or why both RCTs
and NRSI are included.

Although this AMSTAR 2 item corresponds
to PRISMA items #4 and #6 (see above),
credit is not granted unless SR team
explains why only specific study designs
were included OR why all study designs
were eligible.

✪ 4. Did the review authors use a
comprehensive literature search
strategy?

Minimal quality: Search at least 2
databases (relevant to research
question), provide key word and/or
search strategy, justify publication
restrictions (e.g., language).
High quality: Also search the reference
lists/bibliographies of included studies,
search trial/study registries, include or
consult with content experts, where
relevant, searched for grey literature,
conducted search within 24 months of
completion of the review.

7. Describe all information sources (e.g.,
databases with dates of coverage, contact
with study authors to identify additional
studies) in the search and date last
searched.
8. Present full electronic search strategy
for at least one database, including any
limits used, such that it could be
repeated.

SR teams that follow the PRISMA checklist
instructions and report these items do not
necessarily satisfy the methodological
standards implied by the AMSTAR 2 item.

✰ 5. Did the review authors perform study
selection in duplicate?

For Yes, either ONE of the following: at
least two reviewers independently
agreed on selection of eligible studies
and achieved consensus on which
studies to include, OR two reviewers
selected a sample of eligible studies and
achieved good agreement (at least 80
percent), with the remainder selected by
one reviewer.

9. State the process for selecting studies
(i.e., screening, eligibility, included in
systematic review, and, if applicable,
included in the meta-analysis).

Reporting the process of study selection
does not guarantee that AMSTAR credit
will be given because AMSTAR requires
that studies be independently screened in
duplicate (either all studies, or a sample
with at least 80% agreement).

✰ 6. Did the review authors perform data
extraction in duplicate?

High quality: Either (a), at least two
reviewers achieve consensus on which
data to extract from included studies; or
(b) two reviewers extract data from a
sample of eligible studies and achieve
good agreement (at least 80 percent),
with the remainder extracted by one
reviewer.

10. Describe method of data extraction
from reports (e.g., piloted forms,
independently, in duplicate) and any
processes for obtaining and confirming
data from investigators.

Reporting the process of data extraction
does not guarantee that AMSTAR credit
will be given because AMSTAR requires
that studies be independently coded in
duplicate (either all studies, or a sample
with at least 80% agreement).

7. Did the review authors provide a list of
excluded studies and justify the
exclusions?

Minimum quality: Provide a list of all
potentially relevant studies read in full-
text form but excluded from the review.
High quality: Justify the exclusion from
the review of each potentially relevant
study.

17. Give numbers of studies screened,
assessed for eligibility, and included in
the review, with reasons for exclusions at
each stage, ideally with a flow diagram.

Complying with this PRISMA item is not
sufficient to earn credit on AMSTAR 2.
Given journal page limit restrictions, to
meet this AMSTAR 2 item, it may be
necessary to include this information in a
supplemental table.

8. Did the review authors describe the
included studies in adequate detail?

Minimal quality: Describe populations,
interventions, comparators, outcomes,
and research designs.
High quality: Describe population in
detail, describe intervention in detail
(including doses where relevant),
describe comparator in detail (including

11. List and define all variables for which
data were sought (e.g., PICOS, funding
sources) and any assumptions and
simplifications made.
18. For each study, present
characteristics for which data were
extracted (e.g., study size, PICOS, follow-
up period) and provide the citations.

It is complicated to know whether
reporting more nuanced and larger
numbers of study details results in higher
SR quality, but at least doing so provides
some guidance for future SRs and for
studies on this phenomenon. The AMSTAR
2 distinction between minimal and high

(continued on next page)
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Table 3 (continued)

AMSTAR 2 items and operational definitions Relevant PRISMA checklist item(s)

Question Best practice Comment

doses where relevant), study setting, and
timeframe for follow-up.

20. For all outcomes considered (benefits
or harms), present, for each study: (a)
simple summary data for each
intervention group (b) effect estimates
and confidence intervals, ideally with a
forest plot.

quality may also be somewhat subjective
and could vary by review team expertise.

9. Did the review authors use a satisfactory
technique for assessing the risk of bias
(RoB) in individual studies that were
included in the review?

Minimal quality: Must assess RoB from
unconcealed allocation and lack of
blinding of patients and assessors when
assessing outcomes (not required for
objective outcomes such as all-cause
mortality). NRSI must have RoB
assessment from confounding and from
selection bias.
High quality: For SRs of RCTs, must
have assessed RoB for allocation
sequence that was not truly random and
selection of the reported result from
among multiple measurements or
analyses of a specified outcome. For SRs
of NRSI, must also have assessed RoB:
methods used to ascertain exposures and
outcomes, and, selection of the reported
result from among multiple
measurements or analyses of a specified
outcome.

12. Describe methods used for assessing
RoB of individual studies (including
specification of whether this was done at
the study or outcome level), and how this
information is to be used in any data
synthesis.

The SR will not get full AMSTAR 2 credit if
the tool used does not address these
particular bias issues and if it is not
appropriate for the study designs of
included studies.

10. Did the review authors report on the
sources of funding for the studies
included in the review?

High quality: Must (a) report on the
sources of funding for individual studies
included in the review or (b) report that
the reviewers looked for this
information but that study authors did
not report it.

While this AMSTAR 2 item corresponds to
item #11 on the PRISMA checklist (see
above), credit would not be granted unless
this information is provided for each study
in the review (or indicated that it was not
reported).

11. If meta-analysis was performed, did the
review authors use appropriate methods
for statistical combination of results?

High quality: For SRs of RCTs, justify
combining the data in a meta-analysis,
and use an appropriate weighted
technique to combine study results.
Adjust for heterogeneity if present, and
investigate the causes of any
heterogeneity.
For SRs of NRSI, also statistically adjust
for confounding, or justify combining
raw data when adjusted effect estimates
were not available; also report separate
summary estimates for RCTs and NRSI
separately when both were included in
the review.

13. State the principal summary
measures (e.g., risk ratio, difference in
means).
14. Describe the methods of handling
data and combining results of studies, if
done, including measures of consistency
(e.g., I2) for each meta-analysis.
16. Describe methods of additional
analyses (e.g., sensitivity or subgroup
analyses, meta-regression), if done,
indicating which were pre-specified.
21. Present results of each meta-analysis
done, including confidence intervals and
measures of consistency.
23. Give results of additional analyses, if
done (e.g., sensitivity or subgroup
analyses, meta-regression [see Item 16]).

Although these PRISMA and AMSTAR
items overlap somewhat, PRISMA focuses
on transparency in reporting how analyses
were done, whereas AMSTAR evaluates
whether particular analyses were
appropriate based on the design of
included studies. SR teams synthesizing
NRSI may be less likely to receive AMSTAR
credit given the numerous factors that
must be accounted for/adjusted in the
meta-analytic design. Depending on the
reviewer familiarity with meta-analytic
methods, ratings may also change, with
more experienced analysts giving harsher
ratings.

12. If meta-analysis was performed, did the
review authors assess the potential
impact of RoB in individual studies on
the results of the meta-analysis or other
evidence synthesis?

High quality: Include only RCTs with
low risk of bias, or if the pooled estimate
was based on RCTs and/or NRSI with
variable RoB, analyse whether RoB
relates to summary estimates of effect.

19. Present data on risk of bias of each
study and, if available, any outcome
level assessment (see item 12).

Merely reporting risk of bias for each
individual study does not satisfy the
AMSTAR 2 criterion. Even RCTs may lack
rigor.

✪13. Did the review authors account for RoB
in individual studies when interpreting/
discussing the results of the review?

High quality: Include only low RoB
RCTs, or, if RCTs with moderate or high
RoB, or NRSI were included the review
provided a discussion of the likely
impact of RoB on the results.

25. Discuss limitations at study and
outcome level (e.g., risk of bias), and at
review-level (e.g., incomplete retrieval of
identified research, reporting bias).

The AMSTAR 2 criterion is more stringent
than what PRISMA implies. Yet, we
maintain that SRs focused only on RCTs
with low RoB are not always superior:
NRSIs may have higher quality on other
dimensions. Similarly, uncontrolled studies
of interventions may better tap
community-level factors. Thus, it is
important to discuss analytic decisions and
not make overarching statements given
limitations of included study designs.

14. Did the review authors provide a
satisfactory explanation for, and
discussion of, any heterogeneity
observed in the results of the review?

High quality: Find no significant
(unexplained) heterogeneity in the
results, or, if heterogeneity is present,
perform an investigation of sources of
any heterogeneity in the results and
discuss any impacts on the results of the
review.

21. Present results of each meta-analysis
done, including confidence intervals and
measures of consistency.

The AMSTAR 2 definition is more stringent
than what the PRISMA item implies.

(continued on next page)
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what research question is addressed, and the nature of research in that
scientific discipline. When to update a SR will hinge on the nature of the
research question and the discipline. The Cochrane Collaboration even
engages in “living systematic reviews” that are updated monthly (Elliott
et al., 2017), but this may not be appropriate for many types of research
questions (e.g., in disciplines where treatment practices rarely change
and where there have already been high quality SRs). However, evi-
dence indicates that in some faster-moving fields (cardiovascular
treatment research), 7% of reviews are out-of-date by publication and
another 23% are out of date within two years of publication (Shojania
et al., 2007). Thus, it is up to individual review teams to have a sense of
when an update will be appropriate.

4. Conclusions

In this article, we have endeavoured to provide best practice re-
commendations for research synthesis, which Table 1 summarizes as
brief “dos and don'ts”. We highlighted a number of tools to guide re-
searchers in the practice of research synthesis, although it is worth
noting that these quality inventories have imperfections, but also re-
present a best-of-science approach at the present time. There is no
doubt that we will see improvements emerge in the coming years and
decades. As Shadish and Lecy (2015) concluded, meta-analysis is one of
the central methodological developments in science, or, in their more
dramatic terms, the spark of its own big bang. Nonetheless, the entire
scientific community must continually take steps to ensure the highest
scientific rigor in the SR process and in reporting and consuming results
from systematic reviews. As we have argued in this article, when done
with great rigor, SRs can yield great insights, relevant both to science
and practice. They can also point the way to future studies that are
optimized to fill gaps in the evidence base; in this way, well-done SRs
ought to improve the efficiency of science. When a SR targets an im-
portant literature with the best known methods, the results can become
a definitive statement that guides future research and policy decisions
for years to come.
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Table 3 (continued)

AMSTAR 2 items and operational definitions Relevant PRISMA checklist item(s)

Question Best practice Comment

✪ 15. If they performed quantitative
synthesis, did the review authors carry
out an adequate investigation of
publication bias (small study bias) and
discuss its likely impact on the results of
the review?

High quality: Perform graphical or
statistical tests for publication bias and
discuss the likelihood and magnitude of
impact of publication bias.

15. Specify any assessment of risk of bias
that may affect the cumulative evidence
(e.g., publication bias, selective
reporting within studies).
22. Present results of any assessment of
risk of bias across studies (see Item 15).

The AMSTAR 2 definition is more stringent
than what the PRISMA item implies: To
receive full credit, a discussion of how
likely this bias is should be included in
addition to any tests of small study bias. It
should be noted that other biases (e.g.,
reporting) may be at work and that these
biases can exist side by side with other
moderators. Pronounced publication bias
does not necessarily invalidate a SR.
Rigorous reviews will incorporate multiple
tests of publication or reporting bias.

16. Did the review authors report any
potential sources of conflict of interest,
including any funding they received for
conducting the review?

High quality: Report no competing
interests or describe funding sources and
how potential conflicts of interest are
managed.

27. Describe sources of funding for the
systematic review and other support
(e.g., supply of data); role of funders for
the systematic review.

The AMSTAR 2 definition is more stringent
than what the PRISMA item implies.

Note. Omitted PRISMA items are stylistic and do not reflect on methodological features. NRSI = non-randomized studies of interventions. RoB = Risk of bias.
SR = systematic review.
✪Designated critical domain of methodological quality by the AMSTAR 2 development team.
✰Designated a critical domain of methodological quality by the current authors (in addition to those the AMSTAR 2 team listed).
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