
Smith et al. BMC Public Health          (2021) 21:278 
https://doi.org/10.1186/s12889-021-10162-8

RESEARCH ARTICLE Open Access

A review of the quantitative
effectiveness evidence synthesis methods
used in public health intervention guidelines
Ellesha A. Smith* , Nicola J. Cooper, Alex J. Sutton, Keith R. Abrams and Stephanie J. Hubbard

Abstract

Background: The complexity of public health interventions create challenges in evaluating their effectiveness. There
have been huge advancements in quantitative evidence synthesis methods development (including meta-analysis)
for dealing with heterogeneity of intervention effects, inappropriate ‘lumping’ of interventions, adjusting for different
populations and outcomes and the inclusion of various study types. Growing awareness of the importance of using all
available evidence has led to the publication of guidance documents for implementing methods to improve decision
making by answering policy relevant questions.

Methods: The first part of this paper reviews the methods used to synthesise quantitative effectiveness evidence in
public health guidelines by the National Institute for Health and Care Excellence (NICE) that had been published or
updated since the previous review in 2012 until the 19th August 2019.
The second part of this paper provides an update of the statistical methods and explains how they address issues
related to evaluating effectiveness evidence of public health interventions.

Results: The proportion of NICE public health guidelines that used a meta-analysis as part of the synthesis of
effectiveness evidence has increased since the previous review in 2012 from 23% (9 out of 39) to 31% (14 out of 45).
The proportion of NICE guidelines that synthesised the evidence using only a narrative review decreased from 74%
(29 out of 39) to 60% (27 out of 45).
An application in the prevention of accidents in children at home illustrated how the choice of synthesis methods can
enable more informed decision making by defining and estimating the effectiveness of more distinct interventions,
including combinations of intervention components, and identifying subgroups in which interventions are most
effective.

Conclusions: Despite methodology development and the publication of guidance documents to address issues in
public health intervention evaluation since the original review, NICE public health guidelines are not making full use
of meta-analysis and other tools that would provide decision makers with fuller information with which to develop
policy. There is an evident need to facilitate the translation of the synthesis methods into a public health context and
encourage the use of methods to improve decision making.
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interventions, Evidence synthesis
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Background
To make well-informed decisions and provide the best
guidance in health care policy, it is essential to have a
clear framework for synthesising good quality evidence
on the effectiveness and cost-effectiveness of health inter-
ventions. There is a broad range of methods available for
evidence synthesis. Narrative reviews provide a qualitative
summary of the effectiveness of the interventions. Meta-
analysis is a statistical method that pools evidence from
multiple independent sources [1]. Meta-analysis andmore
complex variations of meta-analysis have been exten-
sively applied in the appraisals of clinical interventions
and treatments, such as drugs, as the interventions and
populations are clearly defined and tested in randomised,
controlled conditions. In comparison, public health stud-
ies are often more complex in design, making synthesis
more challenging [2].
Many challenges are faced in the synthesis of public

health interventions. There is often increased method-
ological heterogeneity due to the inclusion of different
study designs. Interventions are often poorly described
in the literature which may result in variation within
the intervention groups. There can be a wide range of
outcomes, whose definitions are not consistent across
studies. Intermediate, or surrogate, outcomes are often
used in studies evaluating public health interventions [3].
In addition to these challenges, public health interven-
tions are often also complex meaning that they are made
up of multiple, interacting components [4]. Recent guid-
ance documents have focused on the synthesis of complex
interventions [2, 5, 6]. The National Institute for Health
and Care Excellence (NICE) guidance manual provides
recommendations across all topics that are covered by
NICE and there is currently no guidance that focuses
specifically on the public health context.

Research questions
A methodological review of NICE public health interven-
tion guidelines by Achana et al. (2014) found that meta-
analysis methods were not being used [3]. The first part
of this paper aims to update and compare, to the original
review, the meta-analysis methods being used in evidence
synthesis of public health intervention appraisals.
The second part of this paper aims to illustrate what

methods are available to address the challenges of public
health intervention evidence synthesis. Synthesis meth-
ods that go beyond a pairwise meta-analysis are illustrated
through the application to a case study in public health
and are discussed to understand how evidence synthesis
methods can enable more informed decision making.
The third part of this paper presents software, guidance

documents and web tools for methods that aim to make
appropriate evidence synthesis of public health inter-
ventions more accessible. Recommendations for future

research and guidance production that can improve the
uptake of these methods in a public health context are
discussed.

Update of NICE public health intervention
guidelines review
NICE guidelines
The National Institute for Health and Care Excellence
(NICE) was established in 1999 as a health authority to
provide guidance on new medical technologies to the
NHS in England and Wales [7]. Using an evidence-based
approach, it provides recommendations based on effec-
tiveness and cost-effectiveness to ensure an open and
transparent process of allocating NHS resources [8]. The
remit for NICE guideline production was extended to
public health in April 2005 and the first recommenda-
tions were published in March 2006. NICE published
‘Developing NICE guidelines: the manual’ in 2006, which
has been updated since, with the most recent in 2018
[9]. It was intended to be a guidance document to aid
in the production of NICE guidelines across all NICE
topics. In terms of synthesising quantitative evidence,
the NICE recommendations state: ‘meta-analysis may be
appropriate if treatment estimates of the same outcome
from more than 1 study are available’ and ‘when mul-
tiple competing options are being appraised, a network
meta-analysis should be considered’. The implementation
of networkmeta-analysis (NMA), which is described later,
as a recommendation from NICE was introduced into the
guidance document in 2014, with a further update in 2018.

Background to the previous review
The paper by Achana et al. (2014) explored the use of evi-
dence synthesis methodology in NICE public health inter-
vention guidelines published between 2006 and 2012 [3].
The authors conducted a systematic review of the meth-
ods used to synthesise quantitative effectiveness evidence
within NICE public health guidelines. They found that
only 23% of NICE public health guidelines used pairwise
meta-analysis as part of the effectiveness review and the
remainder used a narrative summary or no synthesis of
evidence at all. The authors argued that despite significant
advances in the methodology of evidence synthesis, the
uptake of methods in public health intervention evalua-
tion is lower than other fields, including clinical treatment
evaluation. The paper concluded that more sophisticated
methods in evidence synthesis should be considered to aid
in decision making in the public health context [3].

Methods
The search strategy used in this paper was equivalent to
that in the previous paper by Achana et al. (2014)[3]. The
search was conducted through the NICE website (https://
www.nice.org.uk/guidance) by searching the ‘Guidance

https://www.nice.org.uk/guidance
https://www.nice.org.uk/guidance
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and Advice List’ and filtering by ‘Public Health Guidelines’
[10]. The search criteria included all guidance documents
that had been published from inception (March 2006)
until the 19th August 2019. Since the original review,
many of the guidelines had been updated with new doc-
uments or merged. Guidelines that remained unchanged
since the previous review in 2012 were excluded and used
for comparison.
The guidelines contained multiple documents that were

assessed for relevance. A systematic review is a separate
synthesis within a guideline that systematically collates
all evidence on a specific research question of interest in
the literature. Systematic reviews of quantitative effective-
ness, cost-effectiveness evidence and decision modelling
reports were all included as relevant. Qualitative reviews,
field reports, expert opinions, surveillance reports, review
decisions and other supporting documents were excluded
at the search stage.
Within the reports, data was extracted on the types

of review (narrative summary, pairwise meta-analysis,
network meta-analysis (NMA), cost-effectiveness review
or decision model), design of included primary studies
(randomised controlled trials or non-randomised stud-
ies, intermediate or final outcomes, description of out-
comes, outcome measure statistic), details of the synthe-
sis methods used in the effectiveness evaluation (type
of synthesis, fixed or random effects model, study qual-
ity assessment, publication bias assessment, presentation
of results, software). Further details of the interventions
were also recorded, including whether multiple interven-
tions were lumped together for a pairwise comparison,
whether interventions were complex (made up of multiple
components) and details of the components. The reports
were also assessed for potential use of complex interven-
tion evidence synthesis methodology, meaning that the
interventions that were evaluated in the review weremade
up of components that could potentially be synthesised
using an NMA or a component NMA [11]. Where meta-
analysis was not used to synthesis effectiveness evidence,
the reasons for this was also recorded.

Results
Search results and types of reviews
There were 67 NICE public health guidelines available on
the NICE website. A summary flow diagram describing
the literature identification process and the list of guide-
lines and their reference codes are provided in Additional
files 1 and 2. Since the previous review, 22 guidelines had
not been updated. The results from the previous review
were used for comparison to the 45 guidelines that were
either newly published or updated.
The guidelines consisted of 508 documents that were

assessed for relevance. Table 1 shows which types of
relevant documents were available in each of the 45

guidelines. The median number of relevant articles per
guideline was 3 (minimum = 0, maximum = 10). Two
(4%) of the NICE public health guidelines did not report
any type of systematic review, cost-effectiveness review
or decision model (NG68, NG64) that met the inclu-
sion criteria. 167 documents from 43 NICE public health
guidelines were systematic reviews of quantitative effec-
tiveness, cost-effectiveness or decision model reports and
met the inclusion criteria.
Narrative reviews of effectiveness were implemented in

41 (91%) of the NICE PH guidelines. 14 (31%) contained a
review that used meta-analysis to synthesise the evidence.
Only one (1%) NICE guideline contained a review that
implemented NMA to synthesise the effectiveness of mul-
tiple interventions; this was the same guideline that used
NMA in the original review and had been updated. 33
(73%) guidelines contained cost-effectiveness reviews and
34 (76%) developed a decision model.

Comparison of review types to original review
Table 2 compares the results of the update to the original
review and shows that the types of reviews and evi-
dence synthesis methodologies remain largely unchanged
since 2012. The proportion of guidelines that only con-
tain narrative reviews to synthesise effectiveness or cost-
effectiveness evidence has reduced from 74% to 60%
and the proportion that included a meta-analysis has
increased from 23% to 31%. The proportion of guide-
lines with reviews that only included evidence from ran-
domised controlled trials and assessed the quality of
individual studies remained similar to the original review.

Characteristics of guidelines usingmeta-analytic methods
Table 3 details the characteristics of the meta-analytic
methods implemented in 24 reviews of the 14 guidelines
that included one. All of the reviews reported an assess-
ment of study quality, 12 (50%) reviews included only data
from randomised controlled trials, 4 (17%) reviews used
intermediate outcomes (e.g. uptake of chlamydia screen-
ing rather than prevention of chlamydia (PH3)), compared
to the 20 (83%) reviews that used final outcomes (e.g.
smoking cessation rather than uptake of a smoking ces-
sation programme (NG92)). 2 (8%) reviews only used a
fixed effect meta-analysis, 19 (79%) reviews used a ran-
dom effects meta-analysis and 3 (13%) did not report
which they had used.
An evaluation of the intervention information reported

in the reviews concluded that 12 (50%) reviews had
lumped multiple (more than two) different interventions
into a control versus intervention pairwise meta-analysis.
Eleven (46%) of the reviews evaluated interventions that
are made up of multiple components (e.g. interventions
for preventing obesity in PH47 were made up of diet,
physical activity and behavioural change components).
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Table 1 Contents of the NICE public health intervention guidelines

Reference code Systematic
review of
effectiveness
(Narrative
review)

Systematic
review of
effectiveness
(At least one
meta-analysis)

Systematic
review of
effectiveness
(At least one
network
meta-analysis)

Cost
effectiveness
review

Decision model

NG105 � � � �
NG102 � � � �
NG103 � � � �
NG90 � � �
NG92 � � � �
NG70 �
NG68

NG64

NG63 �
NG60 � �
NG58 � � � �
NG55 � �
NG48 � � �
NG44 � � � �
NG34 � � �
NG30 � � �
NG32 � � �
NG16 � � �
NG13 � � �
NG6 � �
NG7 �
PH56 � �
PH55 � � �
PH54 � � �
PH53 � � �
PH51 � � �
PH52 � �
PH50 � �
PH49 � �
PH48 � � � �
PH47 � � � �
PH46 �
PH45 � � �
PH44 � � �
PH43 � � �
PH41 � � �
PH42 � � �
PH40 � � �
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Table 1 Contents of the NICE public health intervention guidelines (Continued)

Reference code Systematic
review of
effectiveness
(Narrative
review)

Systematic
review of
effectiveness
(At least one
meta-analysis)

Systematic
review of
effectiveness
(At least one
network
meta-analysis)

Cost
effectiveness
review

Decision model

PH39 � �
PH38 � � � � �
PH32 � � �
PH28 � � �
PH21 � � �
PH14 � � �
PH11 � � �

41 (91%) 14 (31%) 1 (2%) 33 (73%) 34 (76%)

21 (88%) of the reviews presented the results of the
meta-analysis in the form of a forest plot and 22 (92%)
presented the results in the text of the report. 20 (83%)
of the reviews used two or more forms of presentation
for the results. Only three (13%) reviews assessed pub-
lication bias. The most common software to perform
meta-analysis was RevMan in 14 (58%) of the reviews.

Reasons for not usingmeta-analytic methods
The 143 reviews of effectiveness and cost effectiveness
that did not use meta-analysis methods to synthesise the
quantitative effectiveness evidence were searched for rea-
sons behind this decision. 70 reports (49%) did not give a
reason for not synthesising the data using a meta-analysis
and 164 reasons were reported which are displayed in
Fig. 1. Out of the remaining reviews, multiple reasons
for not using a meta-analysis were given. 53 (37%) of the
reviews reported at least one reason due to heterogeneity.
30 (21%) decision model reports did not give a reason and
these are categorised separately. 5 (3%) reviews reported
that meta-analysis was not applicable or feasible, 1 (1%)
reported that they were following NICE guidelines and 5
(3%) reported that there were a lack of studies.
The frequency of reviews and guidelines that used

meta-analytic methods were plotted against year of

publication, which is reported in Fig. 2. This showed
that the number of reviews that used meta-analysis were
approximately constant but there is some suggestion
that the number of meta-analyses used per guideline
increased, particularly in 2018.

Comparison ofmeta-analysis characteristics to original
review
Table 4 compares the characteristics of the meta-analyses
used in the evidence synthesis of NICE public health inter-
vention guidelines to the original review by Achana et
al. (2014) [3]. Overall, the characteristics in the updated
review have not much changed from those in the original.
These changes demonstrate that the use of meta-analysis
in NICE guidelines has increased but remains low. Lump-
ing of interventions still appears to be common in 50% of
reviews. The implications of this are discussed in the next
section.

Application of evidence synthesis methodology in
a public health intervention: motivating example
Since the original review, evidence synthesis methods
have been developed and can address some of the chal-
lenges of synthesising quantitative effectiveness evidence
of public health interventions. Despite this, the previous

Table 2 Comparison of methods of original review. RCT: randomised controlled trial

Number of guidelines (%) Original review (39 guidelines) Updated review (45 guidelines)

No review 1 (3%) 2 (4%)

Narrative review only 29 (74%) 27 (60%)

Meta-analysis 9 (23%) 14 (31%)

Cost effectiveness review 38 (97%) 33 (73%)

Decision model 35 (90%) 34 (76%)

Evidence from RCTs only 2 (5%) 4 (8%)

Study quality assessed 38 (97%) 42 (93%)
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Fig. 1 Frequency and proportions of reasons reported for not using statistical methods in quantitative evidence synthesis in NICE PH intervention
reviews

section shows that the uptake of these methods is still
low in NICE public health guidelines - usually limited to a
pairwise meta-analysis.
It has been shown in the results above and elsewhere

[12] that heterogeneity is a common reason for not syn-
thesising the quantitative effectiveness evidence available
from systematic reviews in public health. Statistical het-
erogeneity is the variation in the intervention effects
between the individual studies. Heterogeneity is problem-
atic in evidence synthesis as it leads to uncertainty in

the pooled effect estimates in a meta-analysis which can
make it difficult to interpret the pooled results and draw
conclusions. Rather than exploring the source of the het-
erogeneity, often in public health intervention appraisals
a random effects model is fitted which assumes that the
study intervention effects are not equivalent but come
from a common distribution [13, 14]. Alternatively, as
demonstrated in the review update, heterogeneity is used
as a reason to not undertake any quantitative evidence
synthesis at all.

Fig. 2 Number of meta-analyses in NICE PH guidelines by year. Guidelines that were published before 2012 had been updated since the previous
review by Achana et al. (2014) [3]
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Table 4 Meta-analysis characteristics: comparison to original review

Original Review (39 guidelines) Updated Review (24 Reviews)

RCTs only 4 (40%) 12 (50%)

Final outcomes 6 (60%) 20 (83%)

Lumping of interventions 7 (70%) 12 (50%)

Random effects meta-analysis 8 (80%) 19 (79%)

Fixed effects meta-analysis 1 (10%) 2 (8%)

Forest plots for presentation 9 (90%) 21 (88%)

Assessed publication bias 1 (10%) 3 (13%)

Since the size of the intervention effects and the
methodological variation in the studies will affect the
impact of the heterogeneity on a meta-analysis, it is inap-
propriate to base the methodological approach of a review
on the degree of heterogeneity, especially within public
health intervention appraisal where heterogeneity seems
inevitable. Ioannidis et al. (2008) argued that there are
‘almost always’ quantitative synthesis options that may
offer some useful insights in the presence of heterogeneity,
as long as the reviewers interpret the findings with respect
to their limitations [12].
In this section current evidence synthesis methods are

applied to a motivating example in public health. This
aims to demonstrate that methods beyond pairwise meta-
analysis can provide appropriate and pragmatic informa-
tion to public health decision makers to enable more
informed decision making.
Figure 3 summarises the narrative of this part of the

paper and illustrates the methods that are discussed. The
red boxes represent the challenges in synthesising quan-
titative effectiveness evidence and refers to the section
within the paper for more detail. The blue boxes repre-
sent the methods that can be applied to investigate each
challenge.

Evaluating the effect of interventions for promoting the
safe storage of cleaning products to prevent childhood
poisoning accidents
To illustrate the methodological developments, a moti-
vating example is used from the five year, NIHR funded,
Keeping Children Safe Programme [15]. The project
included a Cochrane systematic review that aimed to
increase the use of safety equipment to prevent accidents
at home in children under five years old. This applica-
tion is intended to be illustrative of the benefits of new
evidence synthesis methods since the previous review. It
is not a complete, comprehensive analysis as it only uses
a subset of the original dataset and therefore the results
are not intended to be used for policy decision making.
This example has been chosen as it demonstrates many of
the issues in synthesising effectiveness evidence of pub-
lic health interventions, including different study designs

(randomised controlled trials, observational studies and
cluster randomised trials), heterogeneity of populations
or settings, incomplete individual participant data and
complex interventions that contain multiple components.
This analysis will investigate the most effective promo-

tional interventions for the outcome of ‘safe storage of
cleaning products’ to prevent childhood poisoning acci-
dents. There are 12 studies included in the dataset, with
IPD available from nine of the studies. The covariate,
single parent family, is included in the analysis to demon-
strate the effect of being a single parent family on the
outcome. In this example, all of the interventions aremade
up of one or more of the following components: educa-
tion (Ed), free or low cost equipment (Eq), home safety
inspection (HSI), and installation of safety equipment (In).
A Bayesian approach usingWinBUGSwas used and there-
fore credible intervals (CrI) are presented with estimates
of the effect sizes [16].
The original review paper by Achana et al. (2014)

demonstrated pairwise meta-analysis and meta-
regression using individual and cluster allocated trials,
subgroup analyses, meta-regression using individual
participant data (IPD) and summary aggregate data and
NMA. This paper firstly applies NMA to the motivating
example for context, followed by extensions to NMA.

Multiple interventions: lumping or splitting?
Often in public health there are multiple interven-
tion options. However, interventions are often lumped
together in a pairwise meta-analysis. Pairwise meta-
analysis is a useful tool for two interventions or, alter-
natively in the presence of lumping interventions, for
answering the research question: ‘are interventions in
general better than a control or another group of interven-
tions?’. However, when there are multiple interventions,
this type of analysis is not appropriate for informing
health care providers which intervention should be rec-
ommended to the public. ‘Lumping’ is becoming less
frequent in other areas of evidence synthesis, such as for
clinical interventions, as the use of sophisticated synthesis
techniques, such as NMA, increases (Achana et al. 2014)
but lumping is still common in public health.
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Fig. 3 Summary of challenges that are faces in the evidence synthesis of public health interventions and methods that are discussed to overcome
these challenges

NMA is an extension of the pairwise meta-analysis
framework to more than two interventions. Multiple
interventions that are lumped into a pairwise meta-
analysis are likely to demonstrate high statistical hetero-
geneity. This does not mean that quantitative synthesis
could not be undertaken but that a more appropriate
method, NMA, should be implemented. Instead the statis-
tical approach should be based on the research questions
of the systematic review. For example, if the research
question is ‘are any interventions effective for prevent-
ing obesity?’, it would be appropriate to perform a pair-
wise meta-analysis comparing every intervention in the

literature to a control. However, if the research question
is ‘which intervention is the most effective for preventing
obesity?’, it would be more appropriate and informative
to perform a network meta-analysis, which can compare
multiple interventions simultaneously and identify the
best one.
NMA is a useful statistical method in the context of

public health intervention appraisal, where there are often
multiple intervention options, as it estimates the relative
effectiveness of three or more interventions simultane-
ously, even if direct study evidence is not available for all
intervention comparisons. UsingNMA can help to answer



Smith et al. BMC Public Health          (2021) 21:278 Page 15 of 25

Fig. 4 Network plot to illustrate how pairwise meta-analysis groups the interventions in the motivating dataset. Notation UC: Usual care, Ed:
Education, Ed+Eq: Education and equipment, Ed+Eq+HSI: Education, equipment, and home safety inspection, Ed+Eq+In: Education, equipment
and installation, Eq: Equipment

the research question ‘what is the effectiveness of each
intervention compared to all other interventions in the
network?’.
In the motivating example there are six intervention

options. The effect of lumping interventions is shown in
Fig. 4, where different interventions in both the interven-
tion and control arms are compared. There is overlap of
intervention and control arms across studies and interpre-
tation of the results of a pairwise meta-analysis comparing
the effectiveness of the two groups of interventions would
not be useful in deciding which intervention to recom-
mend. In comparison, the network plot in Fig. 5 illustrates
the evidence base of the prevention of childhood poison-
ings review comparing six interventions that promote the
use of safety equipment in the home. Most of the studies

Fig. 5 Network plot for the safe storage of cleaning products
outcome. Notation UC: Usual care, Ed: Education, Ed+Eq: Education
and equipment, Ed+Eq+HSI: Education, equipment, and home safety
inspection, Ed+Eq+In: Education, equipment and installation, Eq:
Equipment

use ‘usual care’ as a baseline and compare this to another
intervention. There are also studies in the evidence base
that compare pairs of the interventions, such as ‘Education
and equipment’ to ‘Equipment’. The plot also demon-
strates the absence of direct study evidence betweenmany
pairs of interventions, for which the associated treatment
effects can be indirectly estimated using NMA.
An NMA was fitted to the motivating example to com-

pare the six interventions in the studies from the review.
The results are reported in the ‘triangle table’ in Table 5
[17]. The top right half of the table shows the direct
evidence between pairs of the interventions in the corre-
sponding rows and columns by either pooling the studies
as a pairwise meta-analysis or presenting the single study
results if evidence is only available from a single study.
The bottom left half of the table reports the results of
the NMA. The gaps in the top right half of the table
arise where no direct study evidence exists to compare the
two interventions. For example, there is no direct study
evidence comparing ‘Education’ (Ed) to ‘Education, equip-
ment and home safety inspection’ (Ed+Eq+HSI). The
NMA, however, can estimate this comparison through
the direct study evidence as an odds ratio of 3.80 with
a 95% credible interval of (1.16, 12.44). The results sug-
gest that the odds of safely storing cleaning products in
the Ed+Eq+HSI intervention group is 3.80 times the odds
in the Ed group. The results demonstrate a key benefit of
NMA that all intervention effects in a network can be esti-
mated using indirect evidence, even if there is no direct
study evidence for some pairwise comparisons. This is
based on the consistency assumption (that estimates of
intervention effects from direct and indirect evidence are
consistent) which should be checked when performing an
NMA. This is beyond the scope of this paper and details
on this can be found elsewhere [18].
NMA can also be used to rank the interventions in

terms of their effectiveness and estimate the probability
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Table 5 Results of an NMA expressed as odds ratios with 95% CrIs

UC Ed Ed+Eq Ed+Eq+HSI Ed+Eq+In Eq

UC - 1.36 (0.93,1.98) 1.65 (0.87, 3.17) 2.90 (0.74, 11.33) 1.18 (0.96, 1.47)

Ed 1.33 (0.79, 2.35) - 1.41 (0.49, 4.06)

Ed+Eq 1.68 (0.53, 5.43) 1.25 (0.35, 4.54) - 0.32 (0.01, 7.96)

Ed+Eq+HSI 5.11 (1.83, 14.58) 3.80 (1.16, 12.44) 3.03 (0.63, 14.22) -

Ed+Eq+In 1.26 (0.70, 2.62) 0.96 (0.46, 2.15) 0.76 (0.21, 3.02) 0.25 (0.08, 0.90) -

Eq 0.30 (0.00, 10.75) 0.22 (0.00, 8.25) 0.19 (0.00, 5.27) 0.06 (0.00, 2.46) 0.23 (0.00, 8.51) -

NMA results are in the bottom left half of the table. Pairwise meta-analysis or single study results, where no other direct evidence is available, are in the top right half of the
table.
Notation UC: Usual care, Ed: Education, Ed+Eq: Education and equipment, Ed+Eq+HSI: Education, equipment, and home safety inspection, Ed+Eq+In: Education, equipment
and installation, Eq: Equipment

that each intervention is likely to be the most effective.
This can help to answer the research question ‘which
intervention is the best?’ out of all of the interventions
that have provided evidence in the network. The rankings
and associated probabilities for the motivating example
are presented in Table 6. It can be seen that in this
case the ‘education, equipment and home safety inspec-
tion’ (Ed+Eq+HSI) intervention is ranked first, with a
0.87 probability of being the best intervention. How-
ever, there is overlap of the 95% credible intervals of
the median rankings. This overlap reflects the uncer-
tainty in the intervention effect estimates and therefore
it is important that the interpretation of these statis-
tics clearly communicates this uncertainty to decision
makers.
NMA has the potential to be extremely useful but is

underutilised in the evidence synthesis of public health
interventions. The ability to compare and rank multiple
interventions in an area where there are often multi-
ple intervention options is invaluable in decision mak-
ing for identifying which intervention to recommend.
NMA can also include further literature in the analysis,
compared to a pairwise meta-analysis, by expanding the

Table 6 Results of the NMA: probability that each intervention is
the best and their ranks

Intervention P(best) Median rank (95% CrI) Mean rank

Ed+Eq+HSI 0.87 1 (1, 3) 1.17

Ed+Eq 0.05 2 (1, 5) 2.89

Ed 0.01 3 (2, 6) 3.44

Ed+Eq+In 0.01 4 (2, 6) 3.63

UC 0.00 5 (3, 6) 4.87

Eq 0.06 6 (1, 6) 5.00

Notation P(best): probability that intervention is the best, CrI: Credible interval, UC:
Usual care, Ed: Education, Ed+Eq: Education and equipment, Ed+Eq+HSI: Education,
equipment, and home safety inspection, Ed+Eq+In: Education, equipment and
installation, Eq: Equipment

network to improve the uncertainty in the effectiveness
estimates.

Statistical heterogeneity
When heterogeneity remains in the results of an NMA,
it is useful to explore the reasons for this. Strategies
for dealing with heterogeneity involve the inclusion of
covariates in a meta-analysis or NMA to adjust for the
differences in the covariates across studies [19]. Meta-
regression is a statistical method developed from meta-
analysis that includes covariates to potentially explain the
between-study heterogeneity ‘with the aim of estimating
treatment-covariate interactions’ (Saramago et al. 2012).
NMA has been extended to network meta-regression
which investigates the effect of trial characteristics on
multiple intervention effects. Three ways have been sug-
gested to include covariates in an NMA: single covari-
ate effect, exchangeable covariate effects and indepen-
dent covariate effects which are discussed in more detail
in the NICE Technical Support Document 3 [14]. This
method has the potential to assess the effect of study level
covariates on the intervention effects, which is particu-
larly relevant in public health due to the variation across
studies.
The most widespread method of meta-regression uses

study level data for the inclusion of covariates into meta-
regression models. Study level covariate data is when the
data from the studies are aggregated, e.g. the proportion
of participants in a study that are from single parent fam-
ilies compared to dual parent families. The alternative
to study level data is individual participant data (IPD),
where the data are available and used as a covariate at the
individual level e.g. the parental status of every individ-
ual in a study can be used as a covariate. Although IPD
is considered to be the gold standard for meta-analysis,
aggregated level data is much more commonly used as it
is usually available and easily accessible from published
research whereas IPD can be hard to obtain from study
authors.
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There are some limitations to network meta-regression.
In our motivating example, using the single parent covari-
ate in a meta-regression would estimate the relative dif-
ference in the intervention effects of a population that is
made up of 100% single parent families compared to a
population that is made up of 100% dual parent families.
This interpretation is not as useful as the analysis that uses
IPD, which would give the relative difference of the inter-
vention effects in a single parent family compared to a
dual parent family. The meta-regression using aggregated
data would also be susceptible to ecological bias. Ecolog-
ical bias is where the effect of the covariate is different
at the study level compared to the individual level [14].
For example, if each study demonstrates a relationship
between a covariate and the intervention but the covari-
ate is similar across the studies, a meta-regression of the
aggregate data would not demonstrate the effect that is
observed within the studies [20].
Although meta-regression is a useful tool for investigat-

ing sources of heterogeneity in the data, caution should be
taken when using the results of meta-regression to explain
how covariates affect the intervention effects. Meta-
regression should only be used to investigate study char-
acteristics, such as the duration of intervention, which will
not be susceptible to ecological bias and the interpretation
of the results (the effect of intervention duration on inter-
vention effectiveness) would be more meaningful for the
development of public health interventions.
Since the covariate of interest in thismotivating example

is not a study characteristic, meta-regression of aggre-
gated covariate data was not performed. Network meta-
regression including IPD and aggregate level data was
developed by Samarago et al. (2012) [21] to overcome
the issues with aggregated data network meta-regression,
which is discussed in the next section.

Tailored decision making to specific sub-groups
In public health it is important to identify which inter-
ventions are best for which people. There has been a
recent move towards precision medicine. In the field of
public health the ‘concept of precision prevention may
[...] be valuable for efficiently targeting preventive strate-
gies to the specific subsets of a population that will
derive maximal benefit’ (Khoury and Evans, 2015). Tai-
loring interventions has the potential to reduce the effect
of inequalities in social factors that are influencing the
health of the population. Identifying which interven-
tions should be targeted to which subgroups can also
lead to better public health outcomes and help to allo-
cate scarce NHS resources. Research interest, therefore,
lies in identifying participant level covariate-intervention
interactions.

IPD meta-analysis uses data at the individual level to
overcome ecological bias. The interpretation of IPDmeta-
analysis is more relevant in the case of using participant
characteristics as covariates since the interpretation of the
covariate-intervention interaction is at the individual level
rather than the study level. This means that it can answer
the research question: ‘which interventions work best in
subgroups of the population?’. IPD meta-analyses are con-
sidered to be the gold standard for evidence synthesis
since it increases the power of the analysis to identify
covariate-intervention interactions and it has the abil-
ity to reduce the effect of ecological bias compared to
aggregated data alone. IPD meta-analysis can also help
to overcome scarcity of data issues and has been shown
to have higher power and reduce the uncertainty in the
estimates compared to analysis including only summary
aggregate data [22].
Despite the advantages of including IPD in a meta-

analysis, in reality it is often very time consuming
and difficult to collect IPD for all of the studies [21].
Although data sharing is becoming more common, it
remains time consuming and difficult to collect IPD
for all studies in a review. This results in IPD being
underutilised in meta-analyses. As an intermediate solu-
tion, statistical methods have been developed, such as
the NMA in Samarago et al. (2012), that incorporates
both IPD and aggregate data. Methods that simultane-
ously include IPD and aggregate level data have been
shown to reduce uncertainty in the effect estimates and
minimise ecological bias [20, 21]. A simulation study
by Leahy et al. (2018) found that an increased propor-
tion of IPD resulted in more accurate and precise NMA
estimates [23].
An NMA including IPD, where it is available, was per-

formed, based on the model presented in Samarago et
al. (2012) [21]. The results in Table 7 demonstrates the
detail that this type of analysis can provide to base deci-
sions on.More relevant covariate-intervention interaction
interpretations can be obtained, for example the regres-
sion coefficients for covariate-intervention interactions
are the individual level covariate intervention interactions
or the ‘within study interactions’ that are interpreted as
the effect of being in a single parent family on the effec-
tiveness of each of the interventions. For example, the
effect of Ed+Eq compared to UC in a single parent family
is 1.66 times the effect of Ed+Eq compared to UC in a dual
parent family but this is not an important difference as
the credible interval crosses 1. The regression coefficients
for the study level covariate-intervention interactions or
the ‘between study interactions’ can be interpreted as the
relative difference in the intervention effects of a pop-
ulation that is made up of 100% single parent families
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Table 7 Results of network meta-regression including IPD and summary aggregate data

Parameter Intervention OR (95% CrI)

Intervention effects Ed 0.95 (0.10, 5.09)

(compared to UC) Ed+Eq 1.46 (0.16, 10.61)

Ed+Eq+HSI 2.30 (0.47, 11.88)

Ed+Eq+In 1.05 (0.12, 6.68)

Eq 49.84 (0.14, 1.84×106)

Regression coefficients for Within study interactions Ed 0.98 (0.44, 2.02)

covariate-intervention Ed+Eq 1.66 (0.64, 20.68)

interactions (compared to Ed+Eq+HSI 1.16 (0.39, 4.92)

UC) Ed+Eq+In 1.04 (0.65, 1.67)

Eq 1.15 (0.15, 15.38)

Between study interactions Ed 2.22 (0.13, 158.00)

Ed+Eq 2.42 (0.04, 278.40)

Ed+Eq+HSI 2.34 (0.07, 180.50)

Ed+Eq+In 2.31 (0.04, 396.3)

Eq 2.40 (0.04, 310.90)

Heterogeneity estimates Between study variance 0.64 (0.05, 3.07)

Within study interaction
variance

0.33 (0.00, 3.76)

Between study interaction
variance

0.80 (0.00, 3.76)

Notation CrI: Credible interval, UC: Usual care, Ed: Education, Ed+Eq: Education and equipment, Ed+Eq+HSI: Education, equipment, and home safety inspection, Ed+Eq+In:
Education, equipment and installation, Eq: Equipment

compared to a population that is made up of 100% dual
parent families.

Complex interventions
In many public health research settings the complex inter-
ventions are comprised of a number of components. An
NMA can compare all of the interventions in a network
as they are implemented in the original trials. However,
NMA does not tell us which components of the com-
plex intervention are attributable to this effect. It could
be that particular components, or the interacting effect
of multiple components, are driving the effectiveness and
other components are not as effective. Often, trials have
not directly compared every combination of components
as there are so many component combination options, it
would be inefficient and impractical. Component NMA
was developed by Welton et al. (2009) to estimate the
effect of each component of the complex interventions
and combination of components in a network, in the
absence of direct trial evidence and answers the question:
‘are interventions with a particular component or com-
bination of components effective?’ [11]. For example, for

the motivating example, in comparison to Fig. 5, which
demonstrates the interventions that an NMA can esti-
mate effectiveness, Fig. 6 demonstrates all of the possible
interventions of which the effectiveness can be estimated
in a component NMA, given the components present in
the network.
The results of the analyses of the main effects, two way

effects and full effects models are shown in Table 8. The
models, proposed in the original paper by Welton et al.
(2009), increase in complexity as the assumptions regard-
ing the component effects relax [24]. The main effects
component NMA assumes that the components in the
interventions each have separate, independent effects and
intervention effects are the sum of the component effects.
The two-way effects models assumes that there are inter-
actions between pairs of the components, so the effects of
the interventions aremore than the sum of the effects. The
full effects model assumes that all of the components and
combinations of the components interact. Component
NMA did not provide further insight into which compo-
nents are likely to be the most effective since all of the 95%
credible intervals were very wide and overlapped 1. There
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Fig. 6 Network plot that illustrates how component network meta-analysis can estimate the effectiveness of intervention components and
combinations of components, even when they are not included in the direct evidence. Notation UC: Usual care, Ed: Education, Eq: Equipment,
Installation, Ed+Eq: Education and equipment, Ed+HSI: Education and home safety inspection, Ed+In: Education and installation, Eq+HSI: Equipment
and home safety inspection, Eq+In: equipment and installation, HSI+In: Home safety inspection and installation, Ed+Eq+HSI: Education, equipment,
and home safety inspection, Ed+Eq+In: Education, equipment and installation, Eq+HSI+In: Equipment, home safety inspection and installation,
Ed+Eq+HSI+In: Education, equipment, home safety inspection and installation

is a lot of uncertainty in the results, particularly in the 2-
way and full effects models. A limitation of component
NMA is that there are issues with uncertainty when data
is scarce. However, the results demonstrate the potential
of component NMA as a useful tool to gain better insights
from the available dataset.
In practice, this method has rarely been used since its

development [24–26]. It may be challenging to define
the components in some areas of public health where
many interventions have been studied. However, the use
of meta-analysis for planning future studies is rarely dis-
cussed and component NMA would provide a useful tool
for identifying new component combinations that may be
more effective [27]. This type of analysis has the poten-
tial to prioritise future public health research, which is
especially useful where there are multiple intervention
options, and identify more effective interventions to rec-
ommend to the public.

Further methods / other outcomes
The analysis and methods described in this paper only
cover a small subset of the methods that have been devel-
oped in meta-analysis in recent years. Methods that aim
to assess the quality of evidence supporting a NMA and
how to quantify how much the evidence could change
due to potential biases or sampling variation before the

recommendation changes have been developed [28, 29].
Models adjusting for baseline risk have been developed
to allow for different study populations to have differ-
ent levels of underlying risk, by using the observed event
rate in the control arm [30, 31]. Multivariate methods can
be used to compare the effect of multiple interventions
on two or more outcomes simultaneously [32]. This area
of methodological development is especially appealing
within public health where studies assess a broad range of
health effects and typically have multiple outcome mea-
sures. Multivariate methods offer benefits over univariate
models by allowing the borrowing of information across
outcomes and modelling the relationships between out-
comes which can potentially reduce the uncertainty in the
effect estimates [33]. Methods have also been developed
to evaluate interventions with classes or different inter-
vention intensities, known as hierarchical interventions
[34]. These methods were not demonstrated in this paper
but can also be useful tools for addressing challenges of
appraising public health interventions, such as multiple
and surrogate outcomes.
This paper only considered an example with a binary

outcome. All of the methods described have also been
adapted for other outcome measures. For example, the
Technical Support Document 2 proposed a Bayesian gen-
eralised linear modelling framework to synthesise other
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Table 8 Results of the complex interventions analysis. All results are presented as OR (95% CrI)

Intervention component combination Main effects model Two way effects model Full effects model

Ed 1.35 (0.83, 2.34) 1.33 (0.79, 2.35) 1.32 (0.79, 2.32)

Eq 1.24 (0.36, 4.02) 0.35 (0.00, 11.41) 0.34 (0.00, 12.08)

HSI 3.04 (0.68, 13.41) 0.71 (0.00, 6.06×106) 2.24 (0.00, 6.67×107)

In 0.76 (0.23, 2.91) 0.94 (0.00, 8.29×106) 0.95 (0.00, 2.12×107)

Ed+Eq 3.54 (0.13, 984.20) 3.59 (0.12, 658.30)

Ed+HSI 1.30 (0.00, 5.53×106) 1.04 (0.00, 2.18×107 )

Ed+In 0.89 (0.00, 7.97×106) 0.96 (0.00, 2.04×107)

Eq+HSI 1.68 (0.00, 2.84×106) 0.88 (0.00, 1.22×107)

Eq+In 0.94 (0.00, 7.31×106) 0.90 (0.00, 2.21×107)

HSI+In 0.95 (0.00, 2.77×108) 0.99 (0.00, 3.66×108)

Ed+Eq+HSI 1.35 (0.00, 2.49×107)

Ed+Eq+In 0.95 (0.00, 2.66×107)

Eq+HSI+In 0.94 (0.00, 3.15×108)

Ed+Eq+HSI+In 0.93 (0.00, 3.28×108)

τ 2 0.07 (0.00, 1.08) 0.08 (0.00, 1.21) 0.08 (0.00, 1.24)

Notation CrI: Credible interval, UC: Usual care, Ed: Education, Eq: Equipment, Installation, Ed+Eq: Education and equipment, Ed+HSI: Education and home safety inspection,
Ed+In: Education and installation, Eq+HSI: Equipment and home safety inspection, Eq+In: equipment and installation, HSI+In: Home safety inspection and installation,
Ed+Eq+HSI: Education, equipment, and home safety inspection, Ed+Eq+In: Education, equipment and installation, Eq+HSI+In: Equipment, home safety inspection and
installation, Ed+Eq+HSI+In: Education, equipment, home safety inspection and installation, τ 2: between study variance

outcome measures. More information and models for
continuous and time-to-event data is available elsewhere
[21, 35–38].

Software and guidelines
In the previous section, meta-analytic methods that
answer more policy relevant questions were demon-
strated. However, as shown by the update to the review,
methods such as these are still under-utilised. It is sus-
pected from the NICE public health review that one of
the reasons for the lack of uptake of methods in public
health could be due to common software choices, such
as RevMan, being limited in their flexibility for statistical
methods.
Table 9 provides a list of software options and guid-

ance documents that are more flexible than RevMan for
implementing the statistical methods illustrated in the
previous section to make these methods more accessible
to researchers.
In this paper, the network plot in Figs. 5 and 6 were

produced using the networkplot command from the
mvmeta package [39] in Stata [61].WinBUGS was used to
fit the NMA in this paper by adapting the code in the book
‘Evidence Synthesis for Decision Making in Healthcare’
which also provides more detail on Bayesian methods
and assessing convergence of Bayesian models [45]. The
model for including IPD and summary aggregate data in
an NMA was based on the code in the paper by Saram-
ago et al. (2012). The component NMA in this paper was

performed inWinBUGS through R2WinBUGS, [47] using
the code in Welton et al. (2009) [11].
WinBUGS is a flexible tool for fitting complex models in

a Bayesian framework. The NICE Decision Support Unit
produced a series of Evidence Synthesis Technical Support
Documents [46] that provide a comprehensive technical
guide to methods for evidence synthesis and WinBUGS
code is also provided for many of the models. Complex
models can also be performed in a frequentist framework.
Code and commands for many models are available in R
and STATA (see Table 9).
The software, R2WinBUGS, was used in the analy-

sis of the motivating example. Increasing numbers of
researchers are using R and so packages that can be
used to link the two softwares by calling BUGS mod-
els in R, packages such as R2WinBUGS, can improve
the accessibility of Bayesian methods [47]. The new R
package, BUGSnet, may also help to facilitate the acces-
sibility and improve the reporting of Bayesian NMA
[48]. Webtools have also been developed as a means of
enabling researchers to undertake increasingly complex
analyses [52, 53]. Webtools provide a user-friendly inter-
face to perform statistical analyses and often help in
the reporting of the analyses by producing plots, includ-
ing network plots and forest plots. These tools are very
useful for researchers that have a good understanding
of the statistical methods they want to implement as
part of their review but are inexperienced in statistical
software.
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Table 9 Software for fitting meta-analysis models (full references in bibliography)

Method Software options Additional guidance (authors and refer-
ence number)

Network Plots Stata: networkplot from the mvmeta
package [39]

Chaimani et al. (2013) [40]

R: netgraph command in netmeta [41],
gemtc [42], pcnetmeta [43]

Rucker and Schwarzer (2016) [44]

Network Meta-Analysis WinBUGS: flexible modelling framework,
model code available from the Univerisity
of Bristol website (https://www.bristol.ac.
uk/population-health-sciences/centres/
cresyda/mpes/code/).

Welton et al. (2012) [45], Dias and Caldwell
(2019) [17]

Dias et al. [46]

R2WinBUGS [47], BUGSnet [48]

R: netgraph command in netmeta [41],
gemtc [42], pcnetmeta [43]

[27], Neupane et al. (2014) [49]

Stata: mvmeta package [50] Chaimani and Salanti (2015) [51], Chaimani et
al. (2013) [40]

Webtools: MetaInsight [52], MetaDTA [53]
and CINeMA [54]

Network Meta-Regression WinBUGS: can utilise study level covariates
from NMA models, model code available
from the Univerisity of Bristol website
(https://www.bristol.ac.uk/population-
health-sciences/centres/cresyda/mpes/
code/).

Stata: metareg command, mvmeta pack-
age

R: mvmeta package, metafor package
[55], GeMTC package [42]

IPD Meta-Analysis WinBUGS: inclusion of IPD and aggregated
data model available in paper by Saramago
et al. (2012) [21]

Freeman et al. (2018) [24], Freeman and Car-
penter (2017) [56], Riley et al. (2008) [57]

Debray et al. (2015) [58], Tierney et al. (2015)
[59]

PRISMA-IPD checklist [60]

Component Network Meta-Analysis WinBUGS: component NMA model code
available from the Univerisity of Bristol web-
site (https://www.bristol.ac.uk/population-
health-sciences/centres/cresyda/mpes/
code/).

Welton et al. (2009) [11]

R: The additive model can be implemented
using the discomb command in the fre-
quentist netmeta package [41]

Higgins et al. (2019) [2], Caldwell and Welton
(2016) [5]

Melendez-Torres et al. (2015) [6]

Inclusion of covariates in component NMA
models by Freeman et al. (2018) [24]

Discussion
This paper has reviewed NICE public health intervention
guidelines to identify the methods that are currently being
used to synthesise effectiveness evidence to inform pub-

lic health decision making. A previous review from 2012
was updated to see how method utilisation has changed.
Methods have been developed since the previous review
and these were applied to an example dataset to show

https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
https://www.bristol.ac.uk/population-health-sciences/centres/cresyda/mpes/code/
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how methods can answer more policy relevant questions.
Resources and guidelines for implementing thesemethods
were signposted to encourage uptake.
The review found that the proportion of NICE guide-

lines containing effectiveness evidence summarised using
meta-analysis methods has increased since the original
review, but remains low. The majority of the reviews
presented only narrative summaries of the evidence - a
similar result to the original review. In recent years, there
has been an increased awareness of the need to improve
decision making by using all of the available evidence. As
a result, this has led to the development of new methods,
easier application in standard statistical software pack-
ages, and guidance documents. Based on this, it would
have been expected that their implementation would rise
in recent years to reflect this, but the results of the review
update showed no such increasing pattern.
A high proportion of NICE guideline reports did not

provide a reason for not applying quantitative evidence
synthesis methods. Possible explanations for this could be
time or resource constraints, lack of statistical expertise,
being unaware of the available methods or poor report-
ing. Reporting guidelines, such as the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA), should be updated to emphasise the impor-
tance of documenting reasons for not applying methods,
as this can direct future research to improve uptake.
Where it was specified, the most common reported

reason for not conducting a meta-analysis was hetero-
geneity. Often in public health, the data is heterogeneous
due to the differences between studies in population,
design, interventions or outcomes. A common miscon-
ception is that the presence of heterogeneity implies that
it is not possible to pool the data. Meta-analytic methods
can be used to investigate the sources of heterogeneity,
as demonstrated in the NMA of the motivating exam-
ple, and the use of IPD is recommended where possible
to improve the precision of the results and reduce the
effect of ecological bias. Although caution should be exer-
cised in the interpretation of the results, quantitative
synthesis methods provide a stronger basis for making
decisions than narrative accounts because they explicitly
quantify the heterogeneity and seek to explain it where
possible.
The review also found that the most common soft-

ware to perform the synthesis was RevMan. RevMan is
very limited in its ability to perform advanced statisti-
cal analyses, beyond that of pairwise meta-analysis, which
might explain the above findings. Standard software code
is being developed to help make statistical methodology
and application more accessible and guidance documents
are becoming increasingly available.
The evaluation of public health interventions can be

problematic due to the number and complexity of the

interventions. NMA methods were applied to a real
Cochrane public health review dataset. The methods that
were demonstrated showed ways to address some of these
issues, including the use of NMA for multiple inter-
ventions, the inclusion of covariates as both aggregated
data and IPD to explain heterogeneity, and the extension
to component network meta-analysis for guiding future
research. These analyses illustrated how the choice of
synthesis methods can enable more informed decision
making by allowing more distinct interventions, and com-
binations of intervention components, to be defined and
their effectiveness estimated. It also demonstrated the
potential to target interventions to population subgroups
where they are likely to be most effective. However, the
application of component NMA to the motivating exam-
ple has also demonstrated the issues around uncertainty
if there are a limited number of studies observing the
interventions and intervention components.
The application of methods to the motivating example

demonstrated a key benefit of using statistical methods
in a public health context compared to only presenting
a narrative review – the methods provide a quantitative
estimate of the effectiveness of the interventions. The
uncertainty from the credible intervals can be used to
demonstrate the lack of available evidence. In the con-
text of decision making, having pooled estimates makes
it much easier for decision makers to assess the effective-
ness of the interventions or identify when more research
is required. The posterior distribution of the pooled
results from the evidence synthesis can also be incor-
porated into a comprehensive decision analytic model
to determine cost-effectiveness [62]. Although narrative
reviews are useful for describing the evidence base, the
results are very difficult to summarise in a decision
context.
Although heterogeneity seems to be inevitable within

public health interventions due to their complex nature,
this review has shown that it is still the main reported rea-
son for not using statistical methods in evidence synthesis.
This may be due to guidelines that were originally devel-
oped for clinical treatments that are tested in randomised
conditions still being applied in public health settings.
Guidelines for the choice of methods used in public health
intervention appraisals could be updated to take into
account the complexities and wide ranging areas in public
health. Sophisticated methods may be more appropriate
in some cases than simpler models for modelling multi-
ple, complex interventions and their uncertainty, given the
limitations are also fully reported [19]. Synthesis may not
be appropriate if statistical heterogeneity remains after
adjustment for possible explanatory covariates but details
of exploratory analysis and reasons for not synthesising
the data should be reported. Future research should focus
on the application and dissemination of the advantages of
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using more advanced methods in public health, identify-
ing circumstances where these methods are likely to be
the most beneficial, and ways to make the methods more
accessible, for example, the development of packages and
web tools.

Conclusions
There is an evident need to facilitate the translation of
the synthesis methods into a public health context and
encourage the use of methods to improve decision mak-
ing. This review has shown that the uptake of statis-
tical methods for evaluating the effectiveness of public
health interventions is slow, despite advances in methods
that address specific issues in public health intervention
appraisal and the publication of guidance documents to
complement their application.
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