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Aimsof data synthesis

The aim of data synthesis in a systematic review is to collate and summarise the results
of included primary studies™ It can be achieved through a descriptive or non-
quantitative synthesis complemented by the use of formal tatistical techniques (such as
metaranaysis) if appropriate. In addition to generating a summary of the effects of
interventions, it is an integral part of data synthesis to investigate whether the effects are
consistent across the included studies, and if not, to investigate reasons for the apparent
differences. This phase includes core information about issues in data synthesis (see Box
7.1): full details of the suggested methods may be found in the referenced materias.

2.7.2 Descriptive or non-quantitative synthesis
The objective of a descriptive or non-quantitative review is to collate and present the
extracted data in a manner such that information about the characteristics (population,
Box 7.1

Key concepts in data synthesis for systematic reviews

Descriptive data synthesis

Quantitative data synthesis

Heterogeneity

Homogeneity

Sensitivity analysis

Publication bias

A non-quantitative synthesis of the collated evidence to assess the extent of the evidence
and to plan the quantitative synthesis. It allows a qualitative assessment of variation in
study characteristics, quality and results (heterogeneity). In some situations where there
are numerous studies with consistent and large effects, it may be possible to discern
effects solely from this synthesis.

A synthesis using a group of statistical techniques to combine the results of the included
studies (meta-analysis), to assess heterogeneity, and to quantitatively evaluate other
aspects like publication bias. Meta-analysis is used to calculate a pooled estimate of
effect and its confidence interval.

The variability or differences between studies in terms of key characteristics (clinical
heterogeneity), quality (methodological heterogeneity) and effects (heterogeneity of
results). Statistical tests of heterogeneity may be used to assess whether the observed
variability in study results (effect sizes) is greater than that expected to occur by chance.

The degree to which the studies included in a review are similar. Studies are considered
statistically homogeneous if their results vary no more than might be expected by the play
of chance.

An analysis used to determine how the results of a systematic review change due to
variations arising from uncertain decisions or assumptions about the data and the
methods that were used.

A bias in the research literature where the likelihood of publication of a study is influenced
by the significance of its results. For example, studies in which an intervention is not
found to be effective may be less likely to be published. Systematic reviews that fail to
identify such studies may overestimate the true effect of an intervention. In some subject
areas (e.g. in alternative medicine), studies showing effectiveness may also suffer from
publication bias.
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interventions, outcomes and study quality) and results of the studies included in the
review, are summarised in a meaningful way. This is best done by tabulation, which
allows readers to look at the evidence, its methodological rigour and the differences
between studies. The descriptive overview is an essential part of data synthesis on which
an understanding of the data, planning the quantitative data synthesis and preventing
errorsin itsinterpretation are based (see Box 7.2).

The process of carrying out the descriptive part of data synthesis should be explicit and
rigorous.* > Decisions about how data are to be grouped and tabulated should be based
on the questions that the review is addressing (see Phase 1.2.2). The effectiveness of a
hedlth care intervention is likely to depend on a large number of factors (known and
unknown) relating to who receives it, who delivers it and how, and in what context.
Studies evaluating the impact of the intervention may differ in relation to these factors.
The key elements in the descriptive approach to data synthesis may include the following
characteritics:

a) population
b) interventions

C) settings where the technology was applied

d) environmental, socid and cultura factors that may influence compliance

€) nature of the outcomes measures used, their relative importance and robustness
f) the validity of the evidence

) the sample sizes and the results of the studies included in the review.

These factors should be summarised succinctly in the tables. The tables should be
structured to highlight the similarities and the differences between included studies.
From a critical anaysis of these tables, it should be possible to assess quditatively if
there are differences between studies in key characteristics of the participants,
interventions or outcome measures (clinical heterogeneity); the study designs and
quality (methodological heterogeneity); and the reported effects (heterogeneity in
results). Thus, it should be possible to decide whether the studies are similar enough

Box 7.2
Descriptive data synthesis in systematic reviews

Describes the studies

Allows an assessment of whether participants, interventions and outcomes in the studies
allow the generalisation of the results of the review, or whether there are restrictions and
omissions which restrict the applicability of the results

Allows an assessment of whether the quality of the studies is adequate to trust their results
Demonstrates the absence of data for some planned comparisons

Demonstrates the degree of clinical heterogeneity in patients and interventions prohibiting
planned comparisons

Demonstrates heterogeneity of outcomes preventing use of the data for meta-analysis

If a formal quantitative meta-analysis cannot be done, allows an assessment of whether the
effect of the treatment is large enough to be regarded as obvious, and if the effects are
consistent across the studies.
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for it to be sensible to calculate an average estimate of effectiveness. In some cases
important factors or variables may not have been reported in the included studies. The
non-quantitative synthesis should also highlight the problems arising from the lack of
important information.

Data synthesis involves computation of an average effect where the results of each study
are weighted according to some measure of the study’simportance. Each study’ s weight
usualy relates to its sample size and the resulting precision of the estimate of effect.
Statistical methods of meta-analysis are explicit numerical formulations of this process,
and should be used wherever possible, as described below. However, in some
circumstances the required numerical values may not be available. When the treatment
effects are large and congistent it may <till be possible to estimate a quditative effect
indicating whether the treatment does good or harm and the range of possible effect.
Such a qualitative synthesis should also take account of the statistical significance of the
study results, the study quality, and the relative importance of the difference studies.

Where there are important differences between the studies in terms of participants,
interventions, outcomes and methods that are thought potentialy to relate to study
results, it isusually not sensible to estimate an overall average effect. However, in some
situations subgroups of similar studies can be identified from the tabulations for which
an average effect could be computed, or variables identified which could be explored as
potential explanations of statistical heterogeneity.  Thus the descriptive part of the
synthesis can help plan investigations of heterogeneity. Although it is more credible to
follow analyses outlined in the protocal, it is hecessary to ensure that adequate data are
available for such analyses, and to be aware whether there are additional issues of
importance, which were not known of when the protocol was produced.

Quantitative synthesis

An assessment of the tabular summaries helps in planning the quantitative syntheses by
highlighting the comparisons that could be made, the outcomes that could be combined
(metaranadlysis) and the study characteristics that should be considered when
investigating variation in effects (heterogeneity). It is within the framework of this
descriptive overview that any quantitative synthesis should take place.

First, it should be determined whether quantitative synthesis is at dl possible and if so
whether it would be appropriate. Meta-anaysis is not possible when the necessary data
to perform a meta-analysis cannot be obtained and it may not be appropriate when the
data are sparse or when the studies are too heterogeneous to be sensibly combined.
Heterogeneity may arise when the populations in the various studies have different
characteristics, when the delivery of the interventions is variable, or when studies of
different designs and quality are included in the review. Where substantial heterogeneity
IS present, a non-quantitative synthesis may informally explore how the differences in
study characteristics affect their results.

Once it is established that a meta-analysis is possible and appropriate, reviewers have to
make three choices before beginning. First, which comparisons should be made? Second,
which outcome measures should be used in the synthesis? Third, which effect measure (a
measure of association quantifying the effect of intervention) should be used to describe
effectiveness? These issues should have been considered in the protocol. The nature of
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the comparisons and the outcome measures should be related directly to the questions
being posed in the review and the main comparisons should have been specified (see
Phase 1.2.7). However, it might become necessary to modify or delete certain
comparisons and outcomes, and/or add new ones in light of the descriptive review. For
example, it may only become apparent after data collection that identified studies do not
contribute enough data for the particular comparisons and outcome measures outlined in
the protocol. Also the extent to which study results are similar enough to be sensibly
analysed together can only be discovered after the data have been collected. Therefore,
the ultimate choice of comparisons and outcome measures will be influenced by the
findings of the non-quantitative synthesis.

Data synthesis of effectivenessstudies

This section focuses on the genera principles and methods of synthesis of studies of
effectiveness. The quantitative methods described here are for synthesis of studies with
randomised controlled design but the same principles apply to comparative observationa
studies.

2.7.4.1 Choice of effect measure

There are four issues of importance in selecting an effect measure. What type of datais
the outcome measure? Is the measure interpretable by those who will use the review? Is
the measure likely to be consistent across the studies and transferable? Does the measure
have the mathematica propertiesrequired to give avalid answer?

There are three types of data commonly encountered in systematic reviews.
Dichotomous or binary data are where each individual must be in one of two states, such
as dead or dive. Such data can be summarised using odds ratios, risk ratios or risk
differences. Continuous data are outcomes that are summarised as means, arisng
through measurements or the use of assessment scales, and are summarised in systematic
reviews as differences in means, or standardised differences in means (effect sizes).
Surviva or time to event data is commonly encountered in cancer therapies and some
other fields, where the outcome of principa interest is the time to the occurrence of an
event. It isusually summarised using hazard ratios. Some outcome measures do not fit
this classfication. For example, some outcomes may be short ordinal scales, such as
pain scaes (where individuals rate their pain as none, mild moderate or severe), for
which it is not sensible to calculate a mean, or are event counts, such as the number of
asthma attacks per month. Although there are methods for dealing with these data, often
the measures are dichotomised and treated as binary data.

A measure of the effect of an intervention is generated by comparing outcomes in the
intervention group with those in the control group (see Box 7.3). The objective is to
determine the extent to which outcomes are better or worse in the intervention group
compared to the control group. Depending on the measurement scale of the outcome, an
effect measure can be generated as a change in an event rate, or as a change on a
continuous scale. For event data, this comparison could be generated in terms of relative
differences (odds ratio and relative risk) or absolute differences (absolute risk reduction
and number needed to treat) between the groups. For continuous data the effect measures
are based on differences in means, or standardised mean differences (d-datistics, z-
scores or effect sizes).
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Box 7.3
Measures of effects of healthcare interventions

Effect measure (treatment effect, estimate of effect)

The observed relationship between an intervention and an outcome. This could be
summarised as a p-value, odds ratio, relative risk, risk difference, number needed to treat,
standardised mean difference, or weighted mean difference.

p-value (statistical significance)

The probability that the observed results in a study could have occurred by chance. A p-
value of less than 5% (i.e. p<0.05) is generally regarded as statistically significant.

Effect measures for binary data

Odds The ratio of the number of people in a group with an event to the number without an
event. Thus, if out of 100 people, 20 had the event (and 80 did not), and the odds would be
20/80 or 0.25.

Risk (proportion, probability or rate) The proportion of participants in a group who are
observed to have an event. Thus, if out of 100 patients, 20 had the event, the risk (rate of
event) would be 20/100 or 0.20.

Odds ratio (OR) The ratio of the odds of an event in the experimental (intervention) group to
the odds of an event in the control group. An OR of one indicates no difference between
comparison groups. For undesirable outcomes an OR that is less than one indicates that the
intervention was effective in reducing the risk of that outcome.

Relative Risk (RR) (risk ratio, rate ratio) The ratio of risk in the intervention group to the risk
in the control group. An RR of one indicates no difference between comparison groups. For
undesirable outcomes an RR that is less than one indicates that the intervention was effective
in reducing the risk of that outcome.

Absolute risk reduction (ARR) (risk difference, rate difference) The absolute difference in
the event rate between two comparison groups. A risk difference of zero indicates no
difference between comparison groups. For undesirable outcomes a risk difference that is less
than zero indicates that the intervention was effective in reducing the risk of that outcome.
Number needed to treat (NNT) The number of patients who need to be treated to prevent
one undesirable outcome. It is the inverse of ARR.

Effect measures for continuous data

Mean difference The difference between the means (i.e. the average values) of two groups.
Weighted mean difference (WMD) Where studies have measured the outcome on the same
scale (e.g. weight), the weight given to the mean difference in each study is usually equal to
the inverse of the variance.

Standardised mean difference (SMD) Where studies have measured an outcome using
different scales (e.g. pain may be measured in a variety of ways) the mean difference may be
divided by an estimate of the within-group standard deviation to produce a standardised value
without any units.

Effect measure for survival data

Hazard ratio A summary of the difference between two survival curves. It represents the
overall reduction in the risk of death on treatment compared to control over the period of follow
up of the patients.

It is important to remember that individual studies, because of small sample sizes,
may not be able to estimate effects precisely.® By combining the data from these
studies, a meta-analysis acquires the statistical power to increase the precision of the
estimate of effect. Although statistical significance is a prerequisite for confidence in the
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precision of the results, it is not a measure of the magnitude of the effect.” ® Reviewers
should be more interested in clinical importance of the results because it gives us the
tools to make a judgement about the magnitude of the benefits or harm, and it helpsin
decision making.>**

It is well known that the manner of summarising results of randomised trials may
influence judgements about patient management.*** Serious thought should be given
to the choice of the effect measure that will be used to summarise the findings of the
guantitative analysis. In particular, the odds ratio is criticised for not being well
understood by physicians and patients.™® In this regard relative risk is more intuitively
understandable. Whilst at lower baseline rates (<10%) the numerical value of odds
ratio is similar to relative risk, if all odds ratio are misinterpreted as relative risks, the
value of the interventions will be exaggerated, especially at higher baseline rates
where odds ratios are always more extreme than relative risks.*®

However, some dstatisticians prefer odds ratios to relative risks due to their
mathematical properties.’” Unlike risk ratios and risk differences, odds ratios do not
have inherent range limitations associated with high baseline rates.*” Moreover, the
odds ratio naturally arises as the antilog of coefficients in mathematical modelling
which makes it more suitable for statistical manipulation.*” However, the importance
of these mathematical concerns is debatable. Mathematical properties of more
importance include the availability of a variance estimator for the summary statistic
(which prevents the NNT being used as a summary statistic) and the reversibility of
the event classification. This latter point is an issue for risk ratios-in a meta-analysis
of a mortality endpoint, analysis of risk ratios of survival will give a different answer
to analysis of risk ratios of death. Treatment effects are described as consistent if they
are relatively constant across different trials. Importantly, if there is variation in
baseline event rates between the trials, relative measures of effect (the odds ratio and
risk ratio) have been shown to be more likely to be consistent than absolute measures
of effect (the risk difference).

Knowledge of the baseline event rate is also important for decision making in health
care if treatment effects are assumed to work on relative scales. Effective treatments
may only be recommended for use in high-risk groups where a high proportion of
patients will benefit. The costs and morbidity associated with the intervention may
outweigh the benefits in low risk patients.’*% So despite relative treatment effects
being the most consistent summary measures, they may not communicate all the
information required by decision-makers, who would prefer absolute effects. One
approach to the problem is to use arelative summary statistic in the meta-analysis, but
to express predicted benefits of treatment across a range of typical baseline event
rates, either using risk differences (multiplication by 100 gives the number of events
saved per 100 treated), or numbers needed to treat.> ' % Given an efficacious
treatment, the lower the number needed to treat, the smaller the number of patients
needed to be treated to prevent/achieve a target outcome, and the higher is our
confidence in the treatment. Conversely, the higher the number needed to treat, the
greater the number of patients clinicians must treat to prevent/achieve a target
outcome and the less inclined we would be to treat.
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For data on a continuous scale, combining mean treatment effects (weighted mean
differences) is straightforward when all measurements are comparable and on the same
scale.”® On other occasionsiit is necessary to transform the mean effect from each study
to a standardised value before they can be pooled. The most common approach is to
divide the difference in means by the sample standard deviation from each study- thus
expressing the treatment effect relative to the natural variation expressed on the same
scale. These standardised vaues (standardised mean differences) are commonly known
as ‘d-statistics' or effect sizes. Their use should be questioned when there may be other
reasons why the observed variability of the outcomes within each study may not be
constant.

One issue of concern in the meta-analysis of continuous data is the importance of skew.
Many biomedical measurements, especiadly concentrations, have severdly positively
skewed distributions. The methods of meta-analysis will not be adversely effected by a
mild degree of skew, but can give miseading results when skew is more severe. In such
situations if log-transformed data are available (geometric means) they should be used in
the analysis.

2.7.4.2 Methods of meta-analysis

Once the results of each study are summarised using an effect measure (e.g. oddsratio or
relative risk or mean difference etc) an average value of the effect can be computed
across the studies. One common misconception is that meta-analysis treats the data from
the sudies asif it dl arose in asingle study. This gpproach is naive and the results can
be mideading. Averaging summary statistics ensures that the intervention and control
groups within each study are compared directly (participants in each study are only
compared to other participants in the same study retaining the randomisation), and that
the cong stency of the results between the studies can be investigated.

Typicaly, the pooled effect estimate represents a weighted average of al studies
included in the meta-andysis. The weights assigned to individua results are usualy in
inverse proportion to their variance, a method which gives more weight to the larger
studies and less weight to the smaller studies.®?’ It is also possible to weight studiesin
relation to other factorslike quality.?®

The pooling of resultsin a meta-analysis can be carried out using either a ‘fixed effect’
or a ‘random effects statistical mode (see Box 7.4). A fixed effect model estimates the
treatment effect as if there were a single ‘true’ vaue underlying al the study results. A
random effects model, on the other hand, assumes that there is no single underlying
value of effectiveness, but a distribution of values depending on known and unknown
characteristics of the studies. In this case the differences between study results are
considered to arise from the between study variation in underlying effectiveness and the
play of chance. Whilst fixed effect methods simply estimate the average treatment effect
and its confidence interval, random effects models estimate a mean treatment effect, its
associated confidence interval, and the observed variance of the treatment effects
between the studies (assuming that they have a normal distribution). One may view the
fixed effect model as a specia case of random effects model where between-study
variation is taken to be zero.
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There i's disagreement as to which statistical model is most appropriate ®* Thisis partly
because of the differencesin their inherent assumptions and partly due to the variation in
pooled results when different methods are applied to the same data set. Random effects
models weight smaller studies proportionally higher than fixed effect models, which in
some circumstances may lead to different estimates. This phenomenon may exaggerate
the impact of publication bias and poor quality, as smaller trials are the most likely to be
affected by publication bias and also the most likely to have substandard methodol ogy.
Where there is heterogeneity between the trials the random effects model produces wider
confidence intervas of the combined estimate compared to a fixed effect, such that the
results are always more conservative. This is due to the fact that the random effects
model takes into account both random variability and the variability in treatment effects
between the studies which the fixed effect model ignores. Therefore, it can be argued
that the fixed effect model may overestimate the precision of the treatment effect if there
is sgnificant unexplained heterogeneity between the studies. In practice both statistical
models usualy produce very similar results and the robustness of the quantitative
synthesis can be examined if both are reported. However, when there is unexplained
heterogeneity between studies, it may be more appropriate to use a random effects model
as this approach accounts for the variation between studies that cannot be explained by
other factors (see Phase 2.7.4.4).

For event data, commonly used fixed effect methods of combining odds ratios include
the methods of Mantel-Haenszel® and Peto.®® The Mantel-Haenszel method yields
reliable results in most Situations, and has been extended to allow the combination of
relative risks and risk differences.® The Peto method is simple to compuite (it is in fact
an approximation to the Mantel-Haenszel method), and it may be particularly useful for
meta-analysis of binary data when event rates are very low where other methods fail.*
The Peto method, however, does give biased answers in some circumstances, especialy
when treatment effects are very large, or where there is a lack of balance in treatment
allocation within the individual studies.* This may be important when combining the
results of observationa studies which often have little balance. The standard calculations
required to perform a random effects analysis have been described.*” Logistic regression
models can also be used to combine study results when the sample sizes are large.® This
method also allows exploration of the influence of study characteristics, athough when
there is heterogeneity between studies it is preferable to use a random effects regression
method.® The inverse variance method is a generic approach to pooling data, which,
whilst rarely used for binary data outcomes, is commonly used for pooling differencesin
means and standardised effect sizes. The method can be extended to pool any summary
statistic for which a standard error is known. Thus it can be used for pooling adjusted
estimates, estimates corrected for clustering and repeat measurements, and other
summaries derived from more complex statistical methods.

The analysis described so far is based on an approach to tatistical analysis called the
frequentist approach. An dternative approach, caled Bayesian anaysis, can be used in
meta-analysis. It incorporates a prior probability distribution based on subjective opinion
and objective evidence, such as the results of previous research. Using Bayes' theorem it
updates the prior distribution in light of the results of the meta-analysis, producing a
posterior distribution. Statistical inferences are based on this posterior distribution. The
posterior distribution can also act as the prior distribution for new research. Bayesian
models are closely related to random effects models,* and comprehensive methods for
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Box 7.4
Key concepts in quantitative synthesis

Systematic error (bias)

A deviation in results either exaggerating or underestimating the ‘true’ value of the effect of
an intervention. It can arise from systematic differences in the groups that are compared
(selection bias), the care that is provided, or exposure to other factors apart from the
intervention of interest (performance bias), withdrawals or exclusions of people entered into
the study (attrition bias) or how outcomes are assessed (detection bias). The extent to which
the design and conduct of a study are likely to produce or prevent systematic errors is
evaluated by study quality assessment. More rigorously designed (better 'quality’) studies
are more likely to yield results that are closer to the 'truth'.

Random error (sampling error)
Error due to the play of chance that leads to imprecision in estimates of effect. Confidence
intervals reflect the magnitude of random error.

Confidence interval (CI)
The range within which the ‘true’ value of the effect of an intervention is expected to lie with
a given degree of certainty. Confidence intervals represent the distribution probability of
random errors, but not systematic errors (bias).

Fixed effect model
A mathematical model for combining the results of studies that assumes that the effect is
truly constant in all the populations studied. Thus, only within-study variation is taken to
influence the uncertainty of results and it produces narrower confidence intervals than the
random effects model.

Random effects model
A mathematical model for combining the results of studies that allows for variation in the
effect amongst the populations studied. Thus, both within-study variation and between-
studies variation are included in the assessment of the uncertainty of results.

performing Bayesian meta-analyses have been outlined.*" * These approaches have
many attractive features, but they are controversiad because they rely on opinions for
generating prior probabilities which frequently vary considerably.

A selected list of available meta-analysis software is shown in Appendix A4.1.

2.7.4.3 Presentation of quantitative results

Following a data synthesis, it is preferable to express the results in formats which are
most easily comprehensible. It is possible to graphically display effect estimates and
ranges of all the primary studies along with the overal summary, if appropriate on the
same axis.”® The most commonly used graphical approach is called the forest plot (see
Box 7.5). It presents the individual study effects with their confidence intervals as
horizontal lines, the box in the middie of the horizontal line representing the mean
effect.* When using odds ratios or relative risk as the effect measure, the effects are
usualy plotted on alog-scale to introduce symmetry to the plot. The vertical line drawn
a an odds ratio or relative risk of one (unity) represents 'no effect’ and a confidence
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Box 7.5
Presentation of results

a) Presented without meta-analysis

Effects of four trials included in a systematic review

Favours contral

Treatment Control RR RR
Study nH nH (95%C Fixed) (95%C Fixed)
Study 1 TTHE1 551165 —n 1.4301.10,1.58]
Study 2 617203 22188 —s——  2.58[1654.03]
Study 3 25 7 46 20745 — - 1.22[0 80,1 86)
Study 4 617143 29139 —_— 2.04[1.40,2.93]
] 5 H §

Fawours treatment

b) Presented with meta-analysis (fixed effect model)

Favours contral

Fawours treatment

Treatment Control RR Weight RR
Study nH nH (95%C Fixed) % (95%C Fixed)
Study 1 77181 551165 . 428 1.43[1.40,1.68]
Study 2 617203 22188 —a— 18.0 2580165 4.03]
Study 3 25746 20745 —— 16.0 1.22(0.80,1.86]
Study 4 617143 29/138 —a 232 2.04[1.40,2 58]
Total(95%Ch) 22473553 126 F538 - 1000 1.7501.462.09]
Test for heterogeneity chi-square=5.46 df=3 p=0037
Test for oversll effect z=6.05 p=0.00001
2 5 2 5

b) Presented with meta-analysis (random effects model)

Favours contral

Fawours treatment

Treatment Control RR Weight RR
Study nH nH (95%C1 Random} % (95%C1 Random)
Study 1 TTHE 551165 —8— 304 1.4301.101.88]
Study 2 617203 22188 —a— 218 2580165 4.03]
Study 3 25746 20745 —— 29 1.22(0.80,1.86]
Study 4 617143 29/138 —a 250 2.04[1.40,2 58]
Total(95%Ch) 22473553 126 F538 e 1000 1.7201.262.34]
Test for heterogeneity chi-square=5.46 df=3 p=0037
Test for oversll effect z=3.41 p=0.0007
2 5 2 5

interval overlapping this vertica line represents the lack of a dtatisticaly significant
effect. An example of such adiagram is shown in Box 7.5. If risk difference is used as
the effect measure, a vertical line at zero represents no effect. Different sized boxes may
be plotted for each of the individual studies, the size of the box increasing with the
weight that the study takes in the andysis. Other suggestions for graphical displays have

also been proposed.®

2.7.4.4 Investigating differences between studies

The variation or differences between estimates of effects in the component studiesin a
systematic review is described as heterogeneity. Homogeneity on the other hand is the
degree to which the results of studies included in a review are similar. The
investigation of differencesin estimates of the treatment effects between studies included
inareview isan essentia part of data synthesis.

1, 46-48
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Box 7.6
Suggested steps in exploring for heterogeneity of results

e Graphical exploration
Forrest plot (see example in Box 7.5)
L'Abbé plot (see example below)
e Statistical tests of homogeneity of 2x2 tables
« Stratified analysis or subset analysis
e Statistical regression modelling

An example of graphical exploration using L’Abbé Plot (based on Songso)

Plot of event rates in intervention and control groups of 11 trials in a systematic review>*
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Each circle represents an individual trial and the size of circles represents relative trial size.
Solid diagonal line represents the line of equality of event rates in the two arms within trials.
The dotted line which represents a summary RR of 2.08 may be called as ‘the overall RR line’,
which is estimated by pooling the results of all eleven studies. It can be seen that the event
rates vary greatly in both the treatment (4.9% to 31.9%) and the control (1.4% to 17.2%) groups
indicating heterogeneity. Statistical tests of later show significant heterogeneity with Chi-square
35.26 (df=10) and P<0.001.

At the simplest level, an idea of the heterogeneity of results between studies can be
obtained by visually examining the forest plot of a meta-analysis for variations in effects
(see Box 7.5). A useful adjunct to this graphical exploration is the use of L’ Abbé plot,
which plots event rates in the intervention group against event rates in the control
group™ * (see Box 7.6). If the effects are homogeneous, the points would lie around a
line parallel to the line of identity (equa line in the plot in Box 7.6); large deviations
would indicate heterogeneity.® > These graphical approaches should be used in
conjunction with formal statistical tests to examine between-study differences.>
Statistical tests of homogeneity are used to assess whether the observed variability in
study results (effect sizes) is compatible with that expected to occur by chance> If
the test of homogeneity is not significant it is still possible that there may be important
between-study differences as these tests have low statistical power.>*
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When statigticaly significant heterogeneity is detected or when such heterogeneity is
suspected on graphica exploration, differences in the characteristics of the studies or
other factors should be investigated as possible explanations. These differences can be
summarised in a narrative synthesis, but where possible they should be formally
estimated and evaluated. In stratified andysis, separate meta-analyses can be carried out
in subsets of studies grouped according to one or more particular characteristics. The
significance of differences in summary estimates in the subsets indicate heterogeneity. It
may be possible to investigate the influence of differences in the participants and the
intervention (e.g. age and baseline risk of the participants, dose and duration of the
treatment), aswell as differences in the definitions and measurement of outcomes. Meta-
regression can be used to investigate the effects of differences in the study characteristics
on the estimates of the treatment effect.®® > * These methods are best used when the
characteristics under investigation are measured on a continuous scale. Effectively they
fit linear regresson models for each covariate, weighting each study according to the
precision of the estimate of the treatment effect. Such analyses are best undertaken using
random effects regression models.

The interpretation of the results of investigations into heterogeneity must be treated with
some caution. Even where the origina data have come from RCTSs, the investigation of
between-study differencesis equivalent to a observational study investigating differences
between sub-groups rather than differences between randomised groups.® ' On such
occasions there may be other explanations for the observed differences. A priori
comparisons which are planned in advance on the basis of a scientific theory and written
into the protocol are more credible than findings which are found through post hoc
exploratory analysis or datadredging - it is dways possible to generate some explanation
for the observed differences — but if multiple analyses have been undertaken it is most
likely to be aspurious finding.*® If the differences cannot be explained it has been argued
that the synthesis should take the form of a random effects mode and particular caution
must be taken in the interpretation of the pooled estimate.®

One note of caution is the investigation of relationships between basdine risk and
treatment effects. As the baseline risk and the treatment effect are calculated from the
same numbers, they are naturaly correlated. This can cause confusion in a meta
regression — it being difficult to ascertain whether there is a true relationship between
risk group and effectiveness. Special methods of meta-regression have been devel oped
for usein these situations.

2.7.4.5 Quantitative synthessusing individual patient data

Quantitative syntheses based on thoroughly checked and updated individua patient data
are considered the most robust and reliable. This is because the reviewer can analyse al
tridls in a standard manner, dealing with drop-outs and missing values consistently, and
including updated data not available from the individual reports of trials.* ® Reviews of
this form require initiation and maintenance of an internationa collaborative group, and
there are implications for resources and time.** The main advantage is that analysis using
individual patient data allows reviewers to undertake time-to-event (survival) analyses
and subgroup anayses to test important hypotheses about differences in effect. In
particular, when the outcome is time-dependent, e.g. in quantifying the effectiveness of
cancer or infertility treatment, survival analyses are preferable to comparison of smple
proportions.
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2.7.4.6 Synthesis of studieswith different designs

When studies of different designs are included in a systematic review, it isimportant that
the potential biases that could be introduced by statistical combination are investigated.*
There are severa ways in which an analysis can be undertaken to do this® One
approach is to separately synthesise the results of subgroups of studies with different
designs or levels of validity and to compare the summary estimates of the subgroups for
trends and important differences. An alternative approach is to cumulatively combine
studies of decreasing strength of evidence and monitor changes in the overall estimates
when studies of lower vadidity are included (a form of sengitivity analysis). Producing a
plot of the study effects in decreasing order of validity may assist with this. A third
approach involves modelling the strength of evidence as a variable in a regression
analysis smilar to that used in exploration of causes of heterogeneity. This requires each
study to be given a grading according to its quality or validity. This method may be
useful to describe systematic relationships between the validity of the primary studies
and their results, and may give insights into the value of different methodological
approaches.® However, there is no consensus on study quality scoring systems and so
the result might vary according to the system used. When synthesising results of studies
with different designs, non-quantitative synthesisis often the only feasible option.

2.7.4.7 Sendgtivity analyses

215

Sengtivity analysis involves repeating the analysis whilst making some changes to the
data® Sensitivity analyses should be used to investigate how robust the overall findings
of the review are to the review process, especialy where there has been some uncertainty
or disagreement involving inclusion of studies, data extraction, missing data and in the
choice of statistical method. Redoing the analysis whilst changing each option will
indicate how robust the review's conclusons are to these uncertainties. Sengtivity
analyses can aso be performed where there are one or more large studies which tend to
dominate the results. A reanaysis excluding these studies will assess the degree to which
they affect the review’ s conclusions.

The validity of a meta-analysis can be compromised by missing data and drop-outs in
individua studies. The review should report the number of participants who are included
in the fina anaysis as a proportion of al participants in al studies. If the number of
participants missing from the final anadysis is large it will be informative to detail the
reasons for their excluson. In some circumstances it may be possible to estimate
missing data® Alternatively the degree to which the review’s conclusions could be
atered by the missing data should be investigated in a sensitivity anaysis by aternately
substituting the least favourable and most favourable outcomes in place of the missing
datain best case and worst case scenario analyses.

Data synthesis of test accuracy studies

Quantitative synthesis of trials assessing the impact of a testing strategy (test and
therapeutic interventions based on the test result) on outcome is performed as
described above (see Phase 2.7.4). This can only be done when there is consensus
about treatment strategies, as is often the case for screening interventions. When
conditions for which effective interventions are known to exist, it may be appropriate
to assess the accuracy of tests without the need to conduct randomised trials.®®
However, guantitative synthesis of studies evaluating accuracy of diagnostic tests is
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Box 7.7
Measures of diagnostic accuracy of dichotomous tests

Sensitivity (true positive rate)
The proportion of those people who really have the disease who are correctly identified
as having the disease.

Specificity (true negative rate)
The proportion of those people who really do not have the disease who are correctly
identified without the disease.

Positive predictive value
The proportion of the people who test positive who truly have the disease.

Negative predictive value
The proportion of the people who test negative who truly do not have the disease.

Likelihood ratios (LRS)

The LR is the ratio of the probability of a positive (or negative) test result in patients with
disease to the probability of the same test result in patients without disease. The LR
indicates by how much a given test result raises or lowers the probability of having
disease. With a positive test result, a LR >1 increases the probability that disease will be
present. The greater the LR, the larger the increase in probability of the disease and the
more clinically useful the test result. With a negative test result, a LR <1 decreases the
probability that disease is present: the smaller the LR, the larger the decrease in the
probability of disease and the more clinically useful the test result.

Diagnostic odds ratio
The ratio of likelihood ratios. Provides a single measure of accuracy.

Summary receiver operating characteristics curve (SROC)
Summarising the performance of a dichotomous test.

somewhat different to that used for studies of effectiveness. The main principles and
methods are described below.

2.7.5.1 Choice of accuracy measure

There are three sets of summary statistics which are commonly used to report
diagnostic accuracy. Sensitivity and specificity describe the ability of a test to
correctly identify individuals with the disease and individuals without the disease
respectively, predictive values give the probabilities that positive and negative test
results are actually correct, whilst likelihood ratios describe the relative chances of
obtaining each test result in individuals with and without disease. All these measures
are paired: single measures of accuracy are seldom used in primary studies. The
powerful properties of likelihood ratios (LRs) lead them to be preferred over
sensitivity and specificity in many clinical situations, and can clearly demonstrate the
clinical value of a test.®”"° Misleading inferences concerning the value of diagnostic
tests may be made without the use of LRs.”
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Test accuracy is however most commonly reported using sensitivity and specificity.
The results of a set of studies can be displayed on a receiver operating characteristics
(ROC) plot, plotting the true positive rate (sensitivity) against the false positive rate
(1-specificity). Variability between the studies will be seen in both sensitivity and
specificity, due to sampling variation and between study variations. In particular, if
the studies differ in the threshold used to define a positive test result, there will be a
particular pattern noted — studies which have higher sensitivity will tend to have lower
specificity, whilst those with lower sensitivity will have higher specificity.” There is
also a similar relationship between positive and negative likelihood ratios. In this
situation these measures do not behave independently, and it does not make sense to
generate separate averages for sensitivity and specificity simply by pooling their
results from different studies.”

2.7.5.2 Methods of meta-analysis

2.76

There is considerable debate about how best to statistically summarise results from
several test accuracy studies®™® ™ ™ There are four commonly used approaches:
averaging sensitivities and specificities, averaging positive and negative likelihood
ratios, pooling diagnostic odds ratios and fitting summary ROC curves. The first two
methods have the benefit of providing clinically interpretable statistical summaries,
but are inappropriate methods to use when there may be variation in the test threshold
between the studies. In such situations the average sensitivity and specificity (or
likelihood ratios) will be an underestimate of the performance of the test.

When there is a threshold effect, the data are best summarised as an ROC curve,
known as a summary receiver operating characteristic (SROC) curve.”®"® One approach
to calculating such a curve involves re-expressing the treatment effects as diagnostic
odds ratios that summarise the diagnostic capabilities of the test as a single statistic.
Even when there is variation in thresholds, it is possible that the diagnostic odds ratios
are constant or nearly constant between studies, which correspond to a pattern of
symmetrical lines on the SROC plot. Alternatively non-symmetrical SROC lines
(Where even the diagnostic odds ratio vary with the threshold) can be estimated”
which involve regression between the sums and differences of logistic transformations
of the true positive and false positive rates. Whilst the SROC method copes with
variationsin test thresholds, it is difficult to interpret clinically.

As there is a divergence of opinions about the most suitable approach for meta-
analysis of test accuracy studies, reviewers may wish to use severa approaches to
determine if their summary results are sensitive to the variation in statistica methods
used.

Publication bias

The accessibility of research results is dependent not only on whether a study is
published, but also on when, where and in what format. The level of accessibility is
related to several factors including the selective publication of statistically significant
results, the timing of publication, the type and language of publication, multiple
publications, selective citation of references, and coverage by database and indexes.®*
8 All of these factors influence the identification of relevant studies and without the use
of systematic approaches to track down less accessible studies, reviews can become
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biased. Systematic reviews should attempt to overcome these biases by using search
strategies that include a variety of searching methods (both computerised and manual)
and explore multiple overlapping sources of research evidence (see Phase 2.3.2).

Because even thorough literature searches cannot eliminate the risk of publication
bias, formal assessment and estimation of such a risk should be incorporated into the
review’s analysis, conclusions and inferences.>*® A range of statistical and modelling
methods are available to deal with publication bias in meta-analyses, such as the fail-
safe N (or file drawer) method,®” funnel plot,®® rank correlation method,® linear
regression method,” trim and fill method,®> % and some complex modelling
methods.”® Statistical methods based on analysis of funnel plot symmetry are most
commonly used. Funnel plots show the distribution of effect sizes according to sample
Size (or inverse of variance): it isto be expected that the points will fill afunnel shape,
there being more variability in reported effect sizes for smaller studies (see Box 7.8).
Large gaps in the funnel indicate a group of possibly ‘missing’ publications. These
omissions are usually small studies with point estimates suggesting a different effect
from those available and are unlikely to be missing at random. However, there is a need
for caution in interpretation as the shape of a funnd plot is dependent on the measures
selected for estimating effect and precision.®

These methods are mainly used to detect the possibility of publication bias, but some
methods (for example, the trim and fill method) could provide an estimate by
adjusting for the publication bias assumed detected.” All these methods are by nature
indirect and exploratory, because the true extent of publication bias is generaly
unknown. In addition, there are some methodological difficulties in using the
available methods to assess publication bias in meta-analyses. For example, in most
cases, it is impossible to separate the influence of factors other than publication bias
on the observed association between the estimated effects and sample sizes across
studies. Moreover, the appropriateness of many methods is based on some strict
assumptions that can be difficult to justify in practice. For these reasons, it seems
reasonable to argue that these methods are not very good remedies for publication
bias?® The attempt at identifying or adjusting for publication bias in a meta-analysis
should be mainly used for the purpose of sensitivity analyses, and the results should
be interpreted with caution. Increasingly, with the growth in registration of controlled
trials before their results are known (see Phase 2.3.6), it will become possible to do
sensitivity analyses to assess whether analyses restricted to such trials differ from
those using data from all trials.*
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Box 7.8
Examples of funnel plots and reasons for asymmetry

Examples of funnel plots

Symmetrical Asymmetrical

1/variance

1/variance

**

. . .

Effect estimate Effect estimate

Reasons for funnel plot asymmetry

Publication bias

Location biases

English language bias

Database bias

Citation bias

Multiple publication bias

Bias in provision of data

Poor methodological quality of small studies

Clinical heterogeneity e.g. small studies in high risk populations

2.7.7

Data synthesis of qualitative research

Findings from studies using qualitative methods can help to inform the various
features of data synthesis such as exploration of the diversity of effects across studies,
settings and groups; and investigation of average and divergent effects.® They can,
for example, identify differences between interventions in apparently similar studies
or between the context within which interventions are delivered. They may aso
illuminate the impact of contextual factors, such as the quditative impact of
unexpected events in the delivery of the intervention. An example of synthesis of
findings from qualitative research in an effectiveness review in given in Box 7.9.

Data synthesis of qualitative research is far from simple. In theory at least, the
synthesis of findings from qualitative studies may be narrative or meta-analytical. To
date, systematic reviews of effectiveness that have sought to incorporate qualitative
research have usualy included the data synthesis in the discussion section. There are
no formal procedures available to aid narrative synthesis of findings from qualitative
studies within the context of a systematic review. However, the same criteria used to
judge the quality of the studies to be included in the synthesis could be applied to the
synthesisitself. In particular, it isimportant that the process whereby conclusions are
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Box 7.9
An example of synthesis of research including qualitative data

Review Question
What is the effectiveness and appropriateness of peer-delivered health promotion for young people?

Population Young people aged 11 to 24 years old.

Interventions Peer-delivered health promotion initiatives (e.g. skill development, awareness
raising or other approaches) across a range of health topics including drugs,
smoking, safe sex and diet. Studies could compare peer-delivered interventions to
those delivered by adults or to groups receiving no intervention.

Outcomes Effectiveness: A range of outcomes including health related behaviours, attitudes,
intentions and knowledge.

Appropriateness: A range of process outcomes including acceptability and
accessibility of the intervention, factors influencing the implementation of the
intervention, collaborations and partnerships, and delivery of the intervention.

Study designs Effectiveness: Randomised and non-randomised studies using quantitative
methods.

Appropriateness: Process evaluation studies using both quantitative and
qualitative methods.

Synthesis of results from effectiveness studies
There were 12 effectiveness studies which were judged to be of sound quality. Non quantitative synthesis
showed that more studies demonstrated peer-delivered health promotion to be effective than ineffective.
However, it was not possible to identify specific characteristics of an effective model of peer-delivered health
promotion.

Synthesis of results from process evaluation studies
There were 15 process evaluations of which two were embedded within effectiveness studies. The
process evaluations included a range of designs and only two were assessed to be of sound quality (see
Box 5.11). Synthesis of findings identified the following factors/processes that may influence the
outcome of peer-led interventions:

Acceptability: Young people are more likely to express a preference for peer-led sessions in
comparisons to teacher led and to perceive peer leaders as credible sources of information. There were
few negative reactions to peer-led interventions but some studies reported young men being more
uncomfortable than young women with emphasis on feelings.

Factors influencing implementation: Many factors were identified. Conflict between the philosophy of
peer education as a non-traditional educational strategy implemented in more traditional school settings
was particularly common. In these settings teachers could undermine peer leaders.

Training and personal development of peer leaders: On going support for peer educators was identified
as a high priority. Peer leaders also reported a range of positive personal development outcomes linked
to their training and experience but the studies were not designed to assess change in these outcomes
in a reliable way.

Accessibility: Only limited data were available on this process. However, the review suggests that young
people acting as peer educators might be most comfortable working with their friends and even in this
context may feel that the advice and/or information they were to transmit would be seen as ‘interfering’.

Recruitment of peer leaders: A consistent finding from the process evaluations was that peer leaders
were more likely to be female and that once recruited it was more difficult to retain male peer leaders.
Some interventions did succeed in recruiting peer leaders from ‘at risk’ groups but others were more
likely to recruit high achievers.

Working in partnership with young people: The studies reviewed highlighted the potential for conflict
between adult co-ordinators of interventions and the peer leaders they were supporting. In particular,
adults involved may find it difficult to deal with the increasing confidence of peer leaders and their
emerging ideas, wants and needs. When things do not go according to previously agreed plans, there is
a tendency for professional co-ordinators to try to regain control and this can undermine the peer
leaders.

Based on a review by Harden et al'®
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drawn from study findings are made as transparent as possible and that there are
attempts made to replicate conclusions.

Analytic synthesis of qualitative research findings can take a number of different
approaches. Clearly, the feasibility of attempts will depend on the diversity of the
studies involved. It is highly unlikely that such a synthesis will involve a re-analysis
of primary data which may be in the form of transcripts from interviews, or field-
notes from studies involving participant observation. Rather, the data to be analysed
are most likely to be the findings of the studies involved. These might take the form of
substantive themes arising, for example, from in-depth interviews. Within qualitative
research (and arguably al research) theory plays a pivotal role in informing the
interpretation of data. Whilst few authors appear to have considered the role for
theory-led synthesis of findings across studies an argument can be made for exploring
the potential for this approach.”

In terms of analytical approaches there are parallels between synthesis across studies
and analysis associated with multi-site or multi-case research.® *  Qualitative
research involving comparison between sites/cases can increase confidence in the
generality of afinding or explanation.'® Most of the techniques developed to aid the
synthesis of qualitative data across sites/cases assume that data have been collected
within asingle study. Thisis the case with the meta-matrices proposed, for instance,
by Miles and Huberman.”® Noblit and Hare do attempt to grapple with the intricacies
of meta-analysing ethnographic data from different sites and studies.’™ As with data
synthesis in quantitative research, there is a need for careful assessment of the
comparability of the data to be synthesised.

A related issue is the potential for combining qualitative and quantitative findings
from different studies. One approach to this type of synthesis is being developed
using Bayesian hierarchica modelling.!%* '® Triangulation may provide another
approach. This is a widely accepted technique for exploring the validity of, and
relationship between, findings from research through the systematic comparison of
data collected from different perspectives. Although normally involving comparisons
of qualitative and quantitative data collected during the same study this approach can
be applied to data from different studies.

There are, inevitably, objections to triangulation in particular and attempts to combine
findings from qualitative and quantitative studies in general. Ackroyd and Hughes, for
example, question the epistemological validity of the triangulation of qualitative and
guantitative data, arguing that there are no ‘criteria upon which all agree and which
can be used to decide between alternative theories, methods and inconsistencies in
findings .*® In contrast, Mason makes a strong case for the synthesis of different
types of data, arguing that the key question is ‘what are all the components necessary
for ge?oesrating a viable and convincing explanation and how do we get to that
point’.

Another approach to the synthesis of information from different types of sources,
which may be relevant to the review of findings from qualitative research, underpins
consensus methods, such as the Delphi process and the nominal group technique.
These approaches allow a wider range of study types to be considered than is possible
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in a statistical meta-analysis, by focusing on the resolution of inconsistencies in
results and attempting to provide quantitative estimates of expert opinions on results
from qualitative processes.’®

Data synthesis of economic evaluations

The methods for syntheses of economic evaluations are not as advanced as those used
for clinical effectiveness.®'® The aim of data synthesis of economic evaluations is
to summarise the evidence about the efficiency of health care provision to reduce the
uncertainty about relative benefits and costs associated with aternative interventions.
As indicated earlier, the first step should be to evaluate the evidence about clinica
effects. If this review shows reliable evidence of equivalent or increased effectiveness,
the next step will be to assess the available economic evidence. Where the results of
clinica evidence used in economic evaluations are at odds with the findings of the
effectiveness review, this would warrant further investigation. Therefore, when
comparing and summarising findings of economic evaluations, it is important to
remember that greater weight should be given to those good quality studies that are
less subject to bias (see Phase 2.5.8).

In data synthesis of economic evidence, the initia analysis is usually non-quantitative.
First, the included studies are described in terms of type of evaluation, setting and
location, and perspective (hospital, health service, society, third party payer, patient,
etc.). Then the source of evidence (trial based or review/model based), approach to
data collection and analysis (prospective resource use, source of cost data and
outcomes, mixed prospective and retrospective, and retrospective), and features of
study quality (see Phase 2.5.8) are considered. Following this, the clinical and
economic findings of the evaluations are summarised. A suggested format is given in
Appendix 3.3. The results may be tabulated under several headings including quality
of effectiveness evidence (experimental, observational, mixed, etc), magnitude of
effectiveness (benefits), sources of cost data (hospital/patient records, reimbursement
tariffs, literature review, etc.), and costs (direct and indirect). If the time frame of the
analysis warrants discounting (>2 years), this should be reported if undertaken. If
discounting is relevant but not undertaken, this should also be reported as a
deficiency. To facilitate comparison between countries and time periods, it may be
possible to standardise cost data by inflating or deflating cost to one specific year if
sufficient details of economic analyses have been reported. A synthesis of costs and
benefits based on the review (average and/or incremental cost-effectiveness ratios)
can then be generated. When there is variability in the reliability of the data, the
impact of appropriate sensitivity analyses on the estimate of cost-effectiveness should
be taken into consideration.
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Box 7.10

Possible permutations for results of economic evaluations™™

Health outcomes

+ 0 -
+ A B C
Costs o] D E F
- G H J
Legend
Comparison Health outcomes Costs
+ intervention vs comparator Better Higher
0 intervention vs comparator Same Same
- intervention vs comparator Poorer Lower
Implication of findings
A  Trade off Higher costs but better outcomes (incremental analysis required)
B Reject Higher costs and no difference in outcomes
C Reject Higher costs and poorer outcomes
D Accept No difference in costs and improved outcomes (partial dominance)
E Neutral No difference in costs and no difference in outcomes
F Reject No difference in costs and poorer outcomes
G Accept Lower costs and improved outcomes (extended dominance)
H Accept Lower costs and no difference in outcomes (partial dominance)
J  Trade off Lower costs but poorer outcomes (incremental analysis required)

Heterogeneity between populations, interventions, sources of data and methods of
analysis usually means that a quantitative synthesis cannot be conducted.*'® However,
considering the tabulated information and the quality of the economic evidence, a
conclusion about the direction and magnitude of cost-effectiveness can be reached for
each one of the included evaluations™™** (see Box 7.11). For example, in terms of
magnitude and direction, the findings may be that the intervention in question always
dominates the comparator (more effective and less costly), in which case the review
can conclude that both effectiveness and economic arguments support the use of the
intervention™ (see Box 7.11). If such dominance is not demonstrated, then
incremental benefit (incremental cost-effectiveness or incremental cost-utility) may be
recorded. For example, if the intervention is more effective but also more costly, the
review team would wish to examine differences in the magnitude of the decision in
terms of incremental costs per additional unit of benefit gained. 1f magnitudes of
incremental cost-effectiveness are similar then it will be possible to estimate the
additional costs at a policy level (the payer's perspective). The reviewers will aso
need to be aert to the reporting of average cost-effectiveness ratios, which are
misleading to the decision-maker."®> For example, if an intervention costs £100 and
produces 10 units of benefit, its average cost-effectiveness is £100/10 = £10 per unit
of benefit. An aternative intervention may cost £1000 but produce 50 units of
benefit, in which case the average cost-effectiveness would be £1000/50 = £20 per
unit of benefit. Faced with this information the decision-maker is led to believe that
the first intervention is more cost-effective. However, what the decision-maker would
find most useful is the incremental cost-effectiveness which equals (1000-100)/(50-
10) = £22.50 per additional unit of benefit (the incremental cost-effectiveness). A
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Box 7.11
An example of non-quantitative synthesis of economic evaluations

Findings of individual studies
Study no. Result

Costs Outcomes

1 Lower costs No difference in outcomes
2 Lower costs No difference in outcomes
3 Lower costs No difference in outcomes
4 Lower costs No difference in outcomes
5 Lower costs No difference in outcomes
6 Higher costs Better outcomes

7 Higher costs Better outcomes

8 No difference in costs Improved outcomes

9 No difference in costs Improved outcomes

10 No difference in costs Improved outcomes

11 Lower costs and Improved outcomes

12 Lower costs and Improved outcomes

Permeation plot of results of individual studies
Health outcomes

+ o) -
+ 2 0 0

Costs 0 3 0 0
2 5 0

Narrative summary
The summary finding from these 12 studies is that the intervention is as/more effective
and as/ less expensive as the comparator.

Based on a review of economic evaluations in community based care by Browne et al***

narrative overview of the efficiency estimates of each individual study can give a
reasonabl e idea about the overall level of cost-effectiveness.

If the results of the non-quantitative synthesis show that there is residual uncertainty
about efficiency, a new economic model can be built using the information collated in
the review to produce a more robust estimate of cost-effectiveness.*'> Ways in which
a meta-analysis of the findings of economic evaluations can be undertaken have aso
been reported.™° The standardised measure of economic value of an intervention (e.g.
cost-effectiveness or cost-utility ratios) may be pooled across studies. However, meta-
analysis requires comparability of the studies in terms of the methods used to assess
the clinical effectiveness of the intervention (e.g. classification systems and preference
weights) as well as homogeneity of the methods used to carry out the cost analysis.
Moreover, this quantitative synthesis requires information about the sampling
distribution of the data, including the cost-effectiveness ratios, and the results of
statistical tests, which is often lacking in economic evauations. For undertaking
modelling or meta-analysis of economic data, expert input from health economists
will be required.
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2.7.9 Key pointsabout data synthesis

The am of data synthesis is to collate and summarise the data extracted from primary
studiesincluded in the review.

Data synthesis is the tabulation of study characteristics and results (non-quantitative
synthesis), and use of statistical methods if appropriate (quantitative synthesis).
Non-quantitative synthesis of evidence helpsin planning quantitative syntheses and in some
circumstancesit may alow reviewersto qualitatively determine if the intervention of interest
islikely to be effective, and if so under what circumstances.

Quantitative synthesis focuses on use of statistica techniques to pool results from primary
studies (meta-analysis), to evaluate heterogeneity of results, to assess for publication bias,
€tc.

Findings from qudlitative research may aid the interpretation of the quantitative findings.
Economic outcomes and effects of interventions may be summarised using tabulated forms.
Where there isresidual uncertainty about cost-effectiveness, an economic evauation may be
modelled using parameters derived from the review.
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