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Abstract

Meta-analysis is a prominent method for estimating the effects of public
health interventions, yet these interventions are often complex in ways that
pose challenges to using conventional meta-analytic methods. This article
discusses meta-analytic techniques that can be used in research syntheses on
the effects of complex public health interventions. We first introduce the
use of complexity frameworks to conceptualize public health interventions.
We then present a menu of meta-analytic procedures for addressing various
sources of complexity when answering questions about the effects of pub-
lic health interventions in research syntheses. We conclude with a review of
important practices and key resources for conducting meta-analyses on com-
plex interventions, as well as future directions for research synthesis more
generally. Overall, we argue that it is possible to conduct meaningful quan-
titative syntheses of research on the effects of public health interventions,
though these meta-analyses may require the use of advanced techniques to
properly consider and attend to issues of complexity.
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INTRODUCTION

Even the highest-quality primary research rarely provides sufficient evidence for making strong
recommendations for public health policy or practice, given within-study sampling error or po-
tential limitations inherent in any single study. Systematic reviews involving meta-analysis are
therefore increasingly considered the gold standard for synthesizing and summarizing the best
available evidence on the effects of public health interventions. Systematic reviews improve on
traditional literature reviews by minimizing bias and error in the review process through the
use of systematic, transparent, and more replicable data collection and synthesis procedures (15).
Meta-analysis refers to the specific stage of the systematic review process in which statistical tech-
niques are used to combine or synthesize quantitative findings from multiple primary studies (62,
102). By synthesizing the current best evidence on an entire body of research on intervention
effects, systematic reviews involving meta-analysis play a crucial role in evidence-based public
health.

This article focuses on the use of meta-analytic techniques to summarize the effects of pub-
lic health interventions through a complexity lens. We first provide a brief overview of using
complexity frameworks in public health intervention research and then discuss how to incor-
porate considerations of complexity in systematic reviews of public health interventions using
meta-analytic techniques.

PUBLIC HEALTH INTERVENTIONS THROUGH A COMPLEXITY LENS

Interventions can be generally defined as activities, techniques, or strategies (i.e., intentional ac-
tions) intended to effect positive change (i.e., outcomes of action) by modifying determinants
of targeted outcomes (i.e., mechanisms of action) (42). Specific types of intervention can be
classified in a variety of ways across these domains of “action,” “mechanism of action,” and
“outcome of action.” Public health interventions are distinguished by their objective to im-
prove health outcomes among large population groups (79), typically in one of the following
ways:

1. Some public health interventions have mechanisms of action involving upstream determi-
nants of population health—such as distal social environments and macro environmental
factors—that are modified via community- and/or policy-level actions (99). Examples of
these interventions include restriction or banning of alcohol advertising (78), regulation of
fast-food outlets in geographic catchment areas (49), and housing improvements for health
and associated socioeconomic outcomes (95).

2. Alternatively, other public health interventions have mechanisms of action involving down-
stream determinants of population health—such as individual characteristics and proxi-
mal social environments—that are modified via scalable individual- and group-level ac-
tions (85). Examples of these interventions include group-based parent training programs
for parental health (4) and brief alcohol interventions for adolescents and young adults
(91).

Public health interventions—both upstream and downstream—are increasingly conceptual-
ized as complex owing to the actions involved and their corresponding mechanisms. Although
there is no universally agreed on definition for the term “complex intervention” (7, 57), two
sources of complexity are prominent in intervention research literature: complexity of interven-
tions themselves and complexity of the systems in which interventions are implemented. Each
source consists of various dimensions on which a public health intervention could be considered
more or less complex.
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Complexity of the Intervention

The UK Medical Research Council (MRC) guidance on developing and evaluating complex in-
terventions (24) is arguably the most influential document conceptualizing sources of complexity
arising from interventions themselves. The MRC guidance identifies several dimensions on which
interventions can range in their complexity, including (a) the number of interacting intervention
components, (b) the number and difficulty of behaviors required by those delivering and receiv-
ing interventions, (c) the number of groups or organizational levels targeted, (d ) the number
and variability of outcomes targeted, and (e) the permitted degree of flexibility or tailoring of
interventions.

The Brief Alcohol Screening and Intervention for College Students (BASICS) is an example of
a downstream public health intervention that could be considered complex owing to the number
of interacting intervention components, the number of behaviors required by those delivering
and receiving the intervention, and the degree of flexibility or tailoring of the intervention that is
permitted (30). BASICS aims to reduce alcohol consumption and alcohol-related negative conse-
quences among undergraduate students who already drink heavily or are at risk of experiencing
problems because of their alcohol consumption. In two 50-minute counseling sessions, a health
professional uses a motivational enhancement therapy/motivational interviewing therapeutic style
to enhance students’ motivations and skills to change their drinking behaviors. The core com-
ponents include an initial screening to assess the student’s drinking habits; a discussion with the
student about alcohol, its effects, and risk factors for drinking and alcohol problems (based on
the student’s screening results); and delivery of personalized feedback and cognitive-behavioral
strategies that target the student’s motivation and capacity to change. Since its original develop-
ment, BASICS has been modified for scalability, for instance, by being delivered by peers instead
of health professionals (59), in group versus individual formats (88), and in online formats (25).
BASICS can thus be considered inherently complex owing to its content and delivery, including
provider tailoring and modification of the exact therapeutic content of each session depending on
a student’s unique screening results, motivation, and skills capacity to change.

Complexity of the System

Complexity can arise not only from interventions themselves, but also from important features
of the contexts or systems in which interventions are implemented (65, 73). Public health inter-
ventions address health issues with diverse etiological origins, which are often produced by an
interplay of biological, psychological, sociological, and ecological processes (2). Consequently, it
is essential to consider the complexity of the systems into which public health interventions are
implemented and integrated—often ultimately modifying the systems themselves (45).

The PRIME trial provides an example of a public health intervention that requires complex
systems thinking (75). The PRIME intervention was designed to reduce malaria-related illnesses
in rural Uganda by improving the quality of care in public health centers. The intervention in-
cluded workshops that provided training to health centers on topics related to the management
of funds and supplies, clinical procedures for fever case management and rapid diagnostic tests,
interpersonal interactions between patients and providers, and the improvement of supply chains
for health centers. Although the PRIME intervention was designed with input from community
members and contextualized within the political, economic, and historical systems of public health
centers in rural Uganda (16), the developers noted that the beneficial effects of the intervention
were overshadowed by larger systemic limitations in other health services available to community
members. Okwaro and colleagues (75) thus concluded that public health interventions embed-
ded within complex systems, like the PRIME intervention, will require attention to local health
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Table 1 Summary of meta-analysis approaches for synthesizing evidence on complex public health interventions

Analysis approach Scenarios in which the approach may be useful

Traditional pairwise estimate of
average intervention effect

Estimating the average effect of an intervention across a sample of intervention trials.

Subgroup analysis Estimating and comparing average effects of interventions across discrete categories of
intervention trials, e.g., comparing effects across intervention categories, settings or
contexts, regions, countries, or patient populations.

Meta-regression analysis Comparing intervention effect magnitude across trial characteristics (discrete or continuous).
Explaining or predicting effect size heterogeneity with measured trial characteristics.

Individual participant data
meta-analysis

Comparing intervention effect magnitude across trial- or patient-level characteristics
(discrete or continuous).

Explaining or predicting effect size heterogeneity with measured trial- or patient-level
characteristics.

Network meta-analysis Estimating and comparing average effects of interventions across a network of discrete
categories of intervention trials.

Estimating indirect comparisons that have not been directly examined in any primary trial.

Multilevel meta-analysis Explaining or predicting effect size heterogeneity with trial- or cluster-level characteristics,
where trials are nested within larger clusters (e.g., provider organization, health care
system, region, country).

Path analysis and meta-analytic
structural equation modeling

Examining mediators or mechanisms of change in intervention effects.
Testing theory-based nomological networks.

priorities, political and historical contexts, and the larger health systems in which the interventions
are embedded.

META-ANALYTIC TECHNIQUES FOR ESTIMATING EFFECTS
OF COMPLEX PUBLIC HEALTH INTERVENTIONS

As public health researchers and practitioners increasingly embrace (rather than ignore) complex-
ity perspectives, several distinct methodological challenges arise when conducting meta-analyses
of intervention effects (26). In addition to questions about whether and to what magnitude an
intervention yielded intended effects, consideration of complexity warrants questions regarding
for whom and in which contexts interventions are more (or less) effective, which intervention
components are most (or least) essential, and how and why the intervention yielded effects (or
not). These additional questions provide opportunities for innovative statistical techniques when
meta-analyzing evidence on the effects of public health interventions (see Table 1).

Traditional Pairwise Meta-Analysis of Overall Intervention Effects

Meta-analysis of overall intervention effects is still possible for many complex interventions,
whereby effect sizes using a common metric—such as Cohen’s d, Pearson’s r, odds ratios, and
risk ratios—are used to measure the magnitude and direction of intervention effects. Most meta-
analyses synthesize effect sizes using standard statistical approaches, such as estimating means and
variances of effect size distributions (62). There is a common misperception that the inherent
heterogeneity in a body of evidence on complex interventions always threatens the validity of
traditional pairwise meta-analyses intended to estimate overall intervention effects. This misper-
ception likely arose from the explicit focus of many early meta-analyses on estimating the precise
magnitude of a mean effect size. When conducting a fixed-effect meta-analysis to estimate the
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common mean effect size across primary studies, it is indeed critical for those studies to be as ho-
mogeneous as possible (e.g., in terms of populations, outcomes, interventions, comparators, study
designs) to ensure that the resulting mean effect size is substantively meaningful. A meta-analysis
estimating a fixed-effect mean effect size across multiple studies often assumes that there is one
true common effect size in the population (10, 47), and thus substantial heterogeneity could reflect
a potential violation of the underlying assumptions of the statistical model (80).

Over the past several decades, many public health researchers have shifted emphasis away
from fixed-effect models to random-effects meta-analysis models, which assume that there may
be multiple true effect sizes in the population and that heterogeneity around the average of those
population effect sizes can be quantified and potentially explained with measured study charac-
teristics. In these random- or mixed-effects meta-analyses, heterogeneity in effect sizes does not
violate the underlying assumptions of the model. Rather, heterogeneity is itself a parameter of
interest that can be quantified and potentially explained by other measured characteristics (62).
Consequently, heterogeneity plays a central role in meta-analyses of complex interventions, and
numerous statistical methods are available for investigating and explaining heterogeneity that will
be useful for researchers embracing a complexity perspective.

Subgroup Analyses

One of the most common meta-analytic strategies for examining heterogeneity in a meta-analysis
is the use of subgroup analysis, whereby mean effect sizes (and corresponding confidence inter-
vals, prediction intervals, and heterogeneity statistics) are estimated for subgroups or subsets of
the included trials (11). Any data collected on the intervention or context that can be opera-
tionally defined as a categorical measure can be used to subgroup the meta-analysis, such as the
presence/absence of intervention components, the importance of different intervention compo-
nents, organizational setting, and implementation quality or fidelity. Conducting meta-analyses
on smaller, more homogeneous subsets of studies can then yield mean effect estimates for “clini-
cally meaningful units” (68) or subgroups of trials. Ideally, these subgroups match units of interest
to clinical and policy decision makers, such as the expected effect of an intervention with specific
features, targeting specific types of participants, or provided in a specific setting.

For instance, in a meta-analysis examining media-delivered self-help therapies for anxiety
disorders, Mayo-Wilson & Montgomery (67) investigated whether average intervention effects
differed according to anxiety disorder type, intervention technique, and format of delivery. The
subgroup analysis approach allowed the researchers to determine that trials with interventions tar-
geting patients with the same anxiety disorder had larger effects than did interventions designed
for populations with a variety of anxiety disorders and that trials with interventions delivered over
the Internet yielded larger effects than did those delivered through books or telephone calls. Con-
ducting subgroup analyses on these clinically meaningful units identified effect estimates specific
to client populations and intervention modalities relevant for practitioners. Subgroup analysis
approaches thus offer substantial intuitive appeal, particularly for translation and dissemination
purposes.

Nonetheless, the subgroup analysis approach does have limitations. Subgroup analyses in meta-
analyses yield strictly observational/correlational evidence, given that the included trials were not
randomly allocated to subgroups; thus, even if all included trials in a meta-analysis are random-
ized controlled trials, the subgroup analysis approach does not permit causal inferences about
differences across subgroups, given that this analytic strategy breaks the randomization from the
original trial. Furthermore, subgroup analyses can suffer from poor statistical power and ineffi-
cient estimates of mean effect sizes and heterogeneity statistics, particularly when the subgroups of
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interest have only a small number of included studies (96). For this reason, meta-analysts should
always present mean effect estimates along with confidence or credibility intervals and include
prediction intervals for any random-effects meta-analyses (12). When the number of included
studies in a subgroup is small, the meta-analyst may also consider supplementing the quantitative
subgroup analysis with thick narrative descriptions of the variability and range of observed effects
across the subgroups examined.

Meta-Regression Modeling

Another common meta-analytic technique for examining heterogeneity is meta-regression mod-
eling, which can examine whether measured trial-level characteristics are associated with effect
size magnitude and explain any observed heterogeneity in effects. Meta-regression is typically
conducted using weighted regression models where effect sizes are the dependent variable and
the trial-level characteristics are independent variables (94). Random- or mixed-effects inverse–
variance weighted meta-regressions are typically preferred over fixed-effect meta-regressions be-
cause they allow for residual heterogeneity, i.e., remaining variability in effect sizes that is un-
explained by predictors in the model. As with subgroup analyses, meta-regression can be used
to examine whether a range of measured trial characteristics explain heterogeneity. In addition,
multivariable meta-regression models can examine the effects of several trial-level characteristics
simultaneously after adjusting for (holding constant) other potential confounding variables, such
as participant characteristics or trial quality.

For instance, Jonkman et al. (53) conducted a meta-analysis to examine the effects of self-
management interventions on health-related quality of life in chronically ill patients. They used
meta-regression to examine whether different intervention features (e.g., intensity, duration, train-
ing, and components) explained heterogeneity, while controlling for the age of participants. In a
different meta-analysis examining the effects of brief interventions on alcohol use among youth,
Tanner-Smith & Lipsey (91) used a combination of meta-regression modeling and subgroup anal-
ysis techniques to examine whether the presence or absence of different intervention components
(e.g., personalized normative feedback, decisional balance exercises) was associated with effects,
after adjusting for the methodological quality of included trials.

A common criticism of reviews of interventions that are complex due to multiple or flexible com-
ponents is the lack of attention to interacting intervention components, especially considering that
most complex interventions are composed of interdependent ingredients (60). Meta-regression
approaches can be used to model these complicated relationships and interactions between compo-
nents. In scenarios where components may not be linearly additive or independent, the researcher
can include multiplicative interaction terms in the regression model to explore these complex rela-
tionships. These interaction terms (and all meta-regression model specifications to be examined)
should be specified a priori in a review protocol, particularly when meta-analysts are conducting
hypothesis-driven confirmatory analyses. For meta-analysts conducting exploratory analysis of
interactions in meta-regression models, classification and regression trees can be used to explore
and identify potential interactions (61).

Despite the great flexibility and appeal of meta-regression approaches for examining het-
erogeneity, these approaches can also suffer from poor statistical power and imprecision when
the number of included trials is small. Furthermore, all the standard cautions about regression
modeling in primary research apply to meta-regression modeling (19), such as recognizing the
observational/correlational nature of the regression analysis, attending to issues of multicollinear-
ity among predictors, and attending to issues of confounding and potentially omitted variables.
The latter is particularly important when considering the methodological quality and/or risk of
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bias in the included trials and how those features may be confounded with any observed study
characteristics examined in the meta-regression model.

Individual Participant Data Meta-Analysis

Although standard meta-regression modeling techniques can be used to examine whether effect
sizes are associated with trial-level characteristics, interest often surrounds the relationship be-
tween intervention effects and participant-level characteristics such as age, gender, race/ethnicity,
or baseline symptom severity. Traditional meta-analyses that rely on aggregate trial-level data
will always be limited in examining participant-level moderators of intervention effects because
participant-level variables would be measured at the aggregate trial level, making inferences about
participant-level characteristics at the risk of the ecological fallacy (6). Individual participant data
(IPD) meta-analysis is therefore considered the gold standard approach for examining participant-
level moderators of intervention effects.

IPD meta-analysis refers to a range of analytic techniques that can be used to synthesize
individual-level participant data across multiple trials (27, 89), including syntheses combining
individual participant data with aggregate data from trials for which individual-level data may
not be available (82, 83, 90). A range of statistical methods can be used in IPD meta-analyses
to examine participant-level effect modifiers. One of the most powerful approaches is the use
of a one-stage model that pools both within- and across-trial effects using multilevel regression
modeling techniques (37, 38, 48). For instance, Kuyken et al. (58) conducted an IPD meta-analysis
examining the efficacy of mindfulness-based cognitive therapy (MBCT) for preventing relapse in
patients’ remission from recurrent major depressive disorder. The authors used one-stage models
to examine the overall efficacy as well as modification of effects by numerous sociodemographic
and psychiatric variables, and they found that MBCT was efficacious overall and for patients with
a greater severity of baseline depressive symptoms.

A barrier to implementing IPD meta-analytic techniques, however, is the required access to
individual-level data for some or all trials—a requirement that may be unrealistic or unfeasible in
some situations. In addition, collecting and harmonizing IPD across numerous trials can be time-
and cost-intensive (81), may require collaborative data-sharing agreements across sites, and may
require additional considerations regarding data confidentiality and protection of human subjects.

Multilevel Meta-Analysis

Multilevel meta-analytic techniques allow for synthesizing hierarchical or clustered evidence on
intervention effects (5, 17, 55, 98). These techniques have been employed, for example, when
multiple effect sizes are available from a single study and the researcher wishes to synthesize those
dependent effect sizes (97), though there are other meta-analytic techniques for handling depen-
dent effect sizes as well (51, 93). In meta-analyses of complex public health interventions, however,
investigators may use a more common hierarchical data structure wherein primary study partici-
pants (level 1) provide effect sizes within trials (level 2) that are nested within some larger cluster
(level 3) such as organizations, health systems, regions, or countries. In these instances, multi-
level models account for within-cluster dependencies by decomposing the effect size variance into
between- and within-cluster variance components. For example, Fischer & Boer (36) examined
predictors of national well-being using a three-level multilevel meta-analysis model to handle
the clustering of data within countries and to examine country-level predictors of well-being.
The authors reported that national levels of individualism were better predictors of well-being
than was wealth, even after adjusting for a range of potential confounding factors. Although this
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meta-analysis was not focused on synthesizing evidence of intervention effectiveness, it nonethe-
less illustrates the utility of multilevel meta-analysis for examining the importance of contextual
characteristics. For complex public health interventions embedded within complex settings or
systems, multilevel meta-analysis techniques can therefore be useful for partitioning variance in
effects across these relevant clustering variables.

As with all statistical techniques we discuss, meta-analyses that synthesize results from only a
small number of included studies will be limited in their ability to use multilevel approaches. A
small number of included studies can preclude reliable estimation of the within- and between-
cluster variance component estimates, which may lead to biased or inefficient standard errors
(55, 98). Researchers interested in examining cluster-level predictors in a multilevel meta-analysis
(i.e., level 3 variables such as organization, health system, or regional characteristics) will thus
need access to a reasonable number of units at the larger cluster level to ensure reliable estimation
of variance components (55).

Network Meta-Analysis

Network meta-analysis involves the comparison of multiple interventions simultaneously in the
same model to determine their comparative effectiveness (41). This meta-analytic technique can
be used to estimate mean effect sizes for any range of combinations of categorical subgroups of
complex public health intervention trials (14). A unique benefit of network meta-analysis is its
ability to synthesize both direct effects (i.e., pairwise contrasts between subgroups reported in
one or more trials) and indirect evidence to increase the precision of effect estimates even when
particular interventions have never been directly compared in trials (50, 101). For instance, Pandor
et al. (76) examined the effects of remote monitoring strategies for improving health outcomes
among adults recently discharged from hospitals after unplanned admissions for heart failure.
They used network meta-analysis to compare effects according to the different types of remote
monitoring strategies used and found that structured telephone support with human-to-human
contact as well as tele-monitoring reduced all-cause mortality.

Barriers to network meta-analysis involve some important statistical assumptions that may be
unreasonable or untenable in some meta-analyses of complex public health interventions (33, 66).
First, as with traditional pairwise meta-analysis of direct effects, using network meta-analysis to
estimate mean effect sizes for subgroups of trials assumes homogeneity (or residual homogeneity)
within the subgroups of trials of interest (33). Network meta-analysis also assumes transitivity
(sometimes called similarity or exchangeability), which implies that any effect modifiers are com-
parably distributed across any pairs of trials being compared within the network. The statistical
manifestation of the transitivity assumption is consistency, which implies that the direct and in-
direct effects in the network are in agreement (13). Consistency may be difficult to establish in
meta-analyses of public health interventions, given the inherent and expected complexity in the
evidence being synthesized. Researchers conducting network meta-analyses should therefore al-
ways attend carefully to issues of homogeneity and consistency and employ a range of available
methods for assessing the tenability of these assumptions (28, 31, 66).

Path Analysis and Structural Equation Modeling

Meta-analytic path analysis and structural equation modeling can be used to test patterns of effects
in nomological networks of constructs, which may be particularly useful for exploring and test-
ing hypothesized mechanisms of action or theories of change underlying complex public health
interventions (18, 52). Path analysis—a useful extension to regression modeling—can be used to
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assess linear, additive, and asymmetric relationships among a set of observed variables assumed to
be associated through a set of linear causal pathways (32). Structural equation modeling similarly
allows assessment of mechanisms and causal pathways while also permitting inclusion of latent
constructs and correlated measurement error (64). For instance, Hagger et al. (46) used meta-
analytic path analysis to examine the nomological validity of the theory of planned behavior for
predicting alcohol consumption and dietary behaviors—specifically, examining the roles of past
behavior, attitudes, subjective norms, and perceived behavioral control as they relate to behav-
ioral intentions and actual behavior. Through path analysis approaches, the authors modeled the
processes by which these theoretical constructs were associated with patient behavior and tested
for mechanisms and pathways of effects using mediation analysis.

IMPORTANT CONSIDERATIONS FOR META-ANALYSES
OF COMPLEX INTERVENTIONS

Successful use of the abovementioned meta-analytic approaches depends on several procedural
and interpretational practices. Below we outline four particularly important considerations when
conducting meta-analyses of complex intervention effects.

Stakeholder Engagement

Engaging stakeholders throughout the review process is an effective practice for increasing the
relevance, awareness, and ultimate use of review findings in public health policy and practice
decision making (54). Identifying which stakeholders to include, which tasks to assign stakehold-
ers, and which methods of engagement to use are three essential considerations for creating a
stakeholder engagement plan. For instance, in addition to other researchers, a review team may
consider engaging stakeholders representing the public, policy makers, practitioners, and those
involved in purchasing or paying for interventions in real-world contexts (21). In addition, chosen
stakeholders can be engaged at various stages of the review process, such as when defining research
questions, setting eligibility criteria, identifying potentially relevant studies, interpreting findings,
and disseminating and applying results (20). Regarding meta-analyses on the effects of complex
public health interventions, stakeholders may be particularly helpful in identifying factors to ex-
amine as effect modifiers in statistical analyses (65). Various modes and methods exist to engage
stakeholders in review processes (1, 56). Although little evidence to date has measured the benefits
and trade-offs of specific approaches (23), chosen approaches should be properly resourced and
supported to obtain the full benefits of engaging stakeholders (22, 72).

Preregistration of Review Protocols

Researchers conducting systematic reviews and meta-analyses should develop and preregister
protocols for each review prior to completing formal screening of search results against eligibility
criteria (69). As with the rationale for preregistering trials prior to participant recruitment (29),
preregistration of systematic reviews is essential for minimizing the risk of reporting biases (e.g.,
selective reporting of positive outcomes), facilitating transparency in the review process (e.g., by
allowing tracking of major changes in planned methods), and informing interested stakeholders of
both ongoing and completed reviews (8). Preregistration is particularly important when reviews
involve meta-analyses, given the numerous analytic options available and the risks associated
with post hoc data mining (39). Ideally, researchers should prespecify all meta-analytic statistical
analyses to be conducted in a review protocol and fully define all outcomes to be meta-analyzed
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so as to ensure transparency in data analysis approaches. Policies of preeminent organizations
conducting research syntheses that include reviews on public health interventions, such as the
Cochrane and the Campbell Collaborations, require authors to publish protocols publicly prior
to assessing studies for eligibility. Protocols for other systematic reviews and meta-analyses that
include a health-related outcome can also be published in PROSPERO, an international and
publicly available database of protocols produced by the Centre for Reviews and Dissemination
at the University of York. In addition, several peer-reviewed journals, such as Systematic Reviews
and BMJ Open, accept submissions of systematic review protocols for publication online.

Use of Logic Models

Systematic reviews of complex interventions can also benefit greatly from the use of logic models
for visually depicting the complex theories of change underlying interventions. To assist in ex-
ploring heterogeneity and mechanisms of action via meta-analysis, logic models can be used to
specify the causal system of interest, the core components of a complex intervention, and potential
mechanisms or pathways of the intervention (2, 74). That is, using logic models can help identify
which factors are core components of the intervention and, therefore, should be extracted from
trials during data collection and potentially examined during data analysis (3). Logic models can
also be useful for complex interventions that may have multiple or competing theories about how
and why the intervention may produce effects; for example, see Welch et al. (100) for a use of logic
models in a meta-analysis examining the effects of mass deworming for soil-transmitted helminths.
It is important that researchers use logic models to help guide meta-analytic data collection and
analysis decisions so that they do not engage in a blind or atheoretical exploration of heterogene-
ity. In many cases, logic models should be developed during the review-planning stage and used
to develop a priori data analysis plans to protect against risks associated with post hoc data mining
(65), although iterative logic modeling approaches may also be used (84).

Data Collection Strategies for Investigating Heterogeneity

Investigating heterogeneity using meta-analytic techniques requires careful consideration as early
in the review process as when the research questions are defined and the eligibility criteria are
developed. At these stages, it is critical to develop a clear definition of the complex intervention(s)
to be reviewed, including conceptual and operational definitions for all key concepts. Although the
same is true in any meta-analysis, defining the key concepts relevant to public health interventions
can be particularly difficult given the potential number of sources of complexity (87). Most meta-
analyses of complex public health interventions will aim to examine heterogeneity in effects across
the different components, active ingredients, or “kernels” of the complex intervention (35). Thus,
in addition to collecting data related to aspects of complexity in terms of study setting and context,
implementation features, and participant characteristics, the meta-analyst must consider how best
to operationally define and measure the components of the complex intervention itself. When
defining the critical components of a complex intervention, researchers should draw first on
existing theoretical or empirical typologies of the intervention but should also consider surveying
trialists conducting research in the area, reviewing policy or procedures documents, examining
findings from prior descriptive and/or qualitative studies of the complex intervention, and seeking
stakeholder input on definitions (86). As mentioned above, these core components can also be
identified a priori on the basis of a logic model or contact with stakeholders or experts in the field,
as well as through supplementary syntheses of evidence from qualitative studies or nonrandomized
intervention trials (45).
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One of the most common approaches for measuring intervention component data to be used
in a meta-analysis is to develop a checklist of all potential components that may be present in
a complex intervention. During data collection, the meta-analyst can then collect detailed in-
formation regarding the presence/absence of each of those components and/or the strength or
level of each component in any given trial. Collecting these data will be particularly important
for meta-analyses that synthesize evidence on interventions that do not follow strict standardized
implementation approaches, which will be the case for many complex public health interventions.

Meta-analysts collecting data on complex intervention components must often rely on primary
trial authors’ reporting of these data. This approach can present challenges, however, if trialists are
unclear or inconsistent in their descriptions of the complex intervention and its implementation
(often an unfortunate by-product of limited word space in journal manuscripts). It is thus critical
for trial authors and journal editors to follow new reporting guidelines such as the Criteria for
Reporting the Development and Evaluation of Complex Interventions (CReDECI) (70) and the
Consolidated Standards of Reporting Trials Statement for Social and Psychological Interventions
(CONSORT-SPI) (71) to ensure consistent and transparent reporting of key characteristics of
the complex intervention. When primary trial authors’ reporting is insufficient or lacking, meta-
analysts should consider collecting supplementary data from intervention manuals and program
materials and/or contacting trial authors to request more detail about intervention components and
implementation procedures (92). Given the difficulties in collecting intervention component and
implementation data via checklist approaches (43), meta-analysts can also consider supplementing
these data with additional qualitative and narrative data, which can be used to provide thicker
descriptions of the types of components and ingredients present in a complex intervention (34).
Although such narrative data would not be used as variables in the meta-analysis, they can be
used to help clarify to readers exactly which activities and strategies are involved in the complex
intervention and can also be useful in assessing the external and ecological validity of the meta-
analysis results.

CONCLUSION

This article provides an introduction to meta-analyses of complex interventions and describes a
menu of statistical options available for researchers conducting these types of meta-analyses. In
the behavioral, social, and health sciences, meta-analyses of interventions should no longer fo-
cus solely on examining whether an intervention works. We support the adoption of complexity
thinking, lenses, and frameworks for conceptualizing public health interventions. These complex-
ity considerations have important implications for public health researchers conducting research
syntheses on the effects of public health interventions: Attention to sources of complexity in the
interventions themselves and the systems in which they are implemented necessitates a range
of meta-analytic techniques to meaningfully examine intervention effects in research syntheses.
Fortunately, there are numerous established and promising meta-analytic approaches, such as
subgroup analysis, meta-regression modeling, individual participant data meta-analysis, network
meta-analysis, multilevel meta-analysis, and meta-analytic path analysis and structural equation
modeling, to address the complexity of public health interventions.

These types of syntheses do require careful consideration of issues of heterogeneity, active
ingredients, and potential mechanisms of action, and researchers conducting meta-analyses of
complex public health interventions will likely need to consider complementary qualitative and
mixed-methods approaches for synthesizing evidence as well (2, 44, 45, 77). Several comprehensive
texts regarding meta-analytic and research synthesis methods are available and offer more technical
details, which interested readers may find useful (9, 40, 62, 63). In addition, the sidebar titled
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KEY RESOURCES FOR CONDUCTING META-ANALYSIS OF COMPLEX
INTERVENTIONS

Organizations

� Campbell Collaboration: https://campbellcollaboration.org/
� Cochrane Collaboration: https://www.cochrane.org/
� Cochrane Public Health Group: http://ph.cochrane.org/
� Collaboration for Environmental Evidence: https://www.environmentalevidence.org/
� EPPI-Centre: https://eppi.ioe.ac.uk/cms/
� Grading of Recommendations Assessment, Development and Evaluation (GRADE) Working Group: https://

www.gradeworkinggroup.org/
� Joanna Briggs Institute: https://joannabriggs.org/

Additional Resources

� Centre for Evaluation, London School of Hygiene & Tropical Medicine: http://evaluation.lshtm.ac.
uk/evidence-synthesis/

� Centre for Reviews and Dissemination Guidance: https://www.york.ac.uk/crd/guidance/
� Cochrane Handbook for Systematic Reviews of Interventions: http://handbook.cochrane.org/
� EPPI-Centre Resources: https://eppi.ioe.ac.uk/cms/Default.aspx?tabid=88
� Joanna Briggs Institute Resources: http://joannabriggs.org/
� Journal of Clinical Epidemiology, AHRQ Series on Complex Intervention Systematic Reviews: http://www.

jclinepi.com/article/S0895-4356(17)30630-3/fulltext
� Journal of Clinical Epidemiology, Special Issue: Considering Complexity in Systematic Reviews of Intervention:

http://www.jclinepi.com/content/jce-considering-complexity-in-systematic-reviews-of-intervention
� Methodological Expectations of Cochrane Intervention Reviews: http://methods.cochrane.org/mecir
� Methodological Expectations of Campbell Collaboration Intervention Reviews: https://www.

campbellcollaboration.org/mec2ir
� PRISMA Reporting Guidelines for Systematic Reviews and Meta-Analyses: http://www.prisma-

statement.org/
� PROSPERO Prospective Trial Registry for Systematic Reviews: https://www.crd.york.ac.uk/PROSPERO/
� World Health Organization Meeting on Retrieval, Synthesis, and Assessment of Evidence on Complex Health

Interventions: http://www.who.int/maternal_child_adolescent/guidelines/development/complex-health-
interventions/en/

Key Resources for Conducting Meta-Analysis of Complex Interventions provides links to online
resources that may also be useful to researchers conducting meta-analyses of complex public health
interventions. As public health researchers increasingly embrace a complexity perspective, these
and other methodological approaches may offer great promise for identifying and understanding
mechanisms and effects of public health interventions.
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97. Van den Noortgate W, López-López JA, Marı́n-Martı́nez F, Sánchez-Meca J. 2015. Meta-analysis of
multiple outcomes: a multilevel approach. Behav. Res. Methods 47:1274–94

98. Van den Noortgate W, Onghena P. 2003. Multilevel meta-analysis: a comparison with traditional meta-
analytical procedures. Educ. Psychol. Meas. 63:765–90

99. Waters E, Petticrew M, Priest N, Weightman A, Harden A, Doyle J. 2008. Evidence synthesis, upstream
determinants and health inequalities: the role of a proposed new Cochrane Public Health Review Group.
Eur. J. Public Health 18:221–23

100. Welch VA, Ghogomu E, Hossain A, Awasthi S, Bhutta Z, et al. 2016. Deworming and adjuvant inter-
ventions for improving the developmental health and well-being of children in low-and middle-income
countries: a systematic review and network meta-analysis. Campbell Syst. Rev. 2016:7

101. Wilson DB, Tanner-Smith EE, Mavridis D. 2016. Network Meta-Analysis. Campbell Methods Ser. Policy
Note 1 (Version 1.0). Oslo: Campbell Collab.

102. Wilson SJ, Tanner-Smith EE. 2014. Meta-analysis in prevention science. In Defining Prevention Science,
Advances in Prevention Science, ed. Z Sloboda, H Petras, pp. 431–52. New York: Springer

www.annualreviews.org • Meta-Analysis of Complex Interventions 151




