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Introduction

Almost a decade after the controversial paper ‘why most 
published research findings are false’ was written [1], we 
re-visit this concern with regard to published meta-analyses. 
Although reading the title of this article may make some 
pause for thought (or vehemently disagree), if you simply 
subscribe to the findings of Ioannidis’s paper then the logical 
conclusion is that the meta-analyses of primary studies are 
equally susceptible to being false. Indeed, it was asserted in 
the paper that meta-analyses of small, inconclusive studies 
(very common) are probably false [1]. But how can this be 
when meta-analyses sit unchallenged at the top of the hier-
archy of evidence (despite being retrospective and observa-
tional in nature)? We will first examine the evidence for our 
assertion, and then provide reasons why meta-analyses are 
poor predictors of results from large trials gained from the 
authors’ experience in perioperative meta-analyses.

Meta‑analyses as predictors of findings 
from large randomised controlled trials

For reasons described later, large (adequately powered and 
multiplicity adjusted) and low risk of bias randomised con-
trolled trials (RCTs) can be considered the gold standard 
to evaluate the effect of interventions in medicine. We can 
compare the outcomes of these high-quality trials with prior 
meta-analyses on the same subject and use conventional sta-
tistics such as positive (PPV) and negative predictive values 
(NPV) to quantify how good meta-analyses are at predicting 
the outcome of the gold standard RCTs.

Using these statistics, one study compared 12 large RCTs 
of medical interventions with 19 meta-analyses addressing 

the same question and found a PPV of 68% and NPV of 
67% [2]. Another study found PPVs of < 67%. More spe-
cific to surgery, a study including perioperative interventions 
which included 18 RCTs (compared with the most recent 
meta-analysis) and 57 endpoints (22 significant in the meta-
analysis with 5 of these significant in the RCT) found a PPV 
of only 23% although the NPV was higher at 86% [3]. The 
corresponding area under the receiver-operating character-
istic curve was 0.57 (similar to a coin toss) [3].

Therefore, even if there is a ‘positive’ meta-analysis, the 
probability of a ‘positive’ finding in a subsequent large RCT 
is unacceptably low, particularly in the field of perioperative 
interventions, where a positive result in a subsequent RCT 
becomes unlikely (depending on prevalence). Despite the 
faith we have in meta-analysis as the last word in truth, they 
would predict the same outcome in a subsequent, definitive 
RCT (the ‘true’ answer) similar to tossing a coin. Some may 
be perplexed at these findings. We will now examine pos-
sible reasons for these discrepancies.

Heterogeneity

Heterogeneity describes the differences in characteristics 
between the included studies such as differences in inclu-
sion/exclusion criteria and study conduct. Statistical hetero-
geneity occurs when estimates from each study vary by more 
than would be expected by chance and can be quantified by 
statistics such as I2 (the percentage of variability between 
studies rather than chance variability). To understand this 
concept, consider the following example evaluating mortal-
ity after surgery. One meta-analysis (Fig. 1) includes two 
trials which were conducted in the same population of surgi-
cal participants, with the same surgeon and the same meth-
odology. Consequently, the results are similar, so we can be 
more confident the ‘true’ result is similar to that obtained in 
the meta-analysis. Now consider a second example (Fig. 2), 
the two trials in this meta-analysis both look at the same 
intervention but are conducted in different patients (Dole-
man 2019 includes emergency patients) and have different 
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methodology (Doleman 2019 uses unblinded assessors). 
This leads to different results meaning we are more uncer-
tain where the ‘true’ effect lies.

Heterogeneity is often used by review authors to inform 
the choice of statistical model used to aggregate results. 
However, the model should be selected on the basis of the 
assumptions of the model rather than any particular I2 value. 
The fixed effect model assumes one underlying effect to 
estimate. For example, if a researcher conducted two RCTs 
using the same population (similar age, gender and interven-
tion) from their hospital using standardised methodology 
and a meta-analysis was conducted on these two studies, 
then the fixed effect model would be reasonable (Fig. 1). 
However, nearly all meta-analyses include studies conducted 
in different populations and we would, therefore, argue that 
this assumption is rarely satisfied.

This leaves us with the more appropriate random effects 
model. This model assumes the true effect size may differ 
from study to study, as would be expected with different 
populations (Fig. 2). However, with this model, as statistical 
heterogeneity is incorporated into the calculation (increasing 
heterogeneity increases imprecision) as it assumes different 
underlying effects to estimate, this can lead to imprecision 
when using a random effects model (see width of diamond 
showing wider confidence intervals in Fig. 2 vs. Fig. 1).

Despite this, random effects models do not eliminate het-
erogeneity (as seen in many forest plots and high I2 values 
in many meta-analyses). If heterogeneity is observed it can 
be used to generate new hypotheses on where interventions 

may be more effective: an under-recognised strength of 
meta-analyses [4]. From our fictitious examples of surgery 
on mortality (Fig. 2), Doleman 2019 includes emergency 
patients and, therefore, the intervention may be more effec-
tive in this group.

Publication bias

Publication bias is the preferential publication of ‘positive’ 
trials. Positive trials are both more likely to be published and 
published faster than trials with negative findings. Consider 
an example: a surgical researcher conducts a study on the 
effects of laparoscopic surgery on length of stay. Following 
completion, the results show no difference between the lapa-
roscopic and the open surgery group. The researcher, there-
fore, does not submit the study for publication and files it 
away. Alternatively, the researcher submits to three journals 
who serially reject it as the results are not deemed ‘interest-
ing’, taking several months for the manuscript to make it 
through the review process at each journal. This could lead 
to the study either not being published or being published 
later than if the study had positive results. Possible publica-
tion bias (or more correctly, imprecise study effects) can be 
observed in an asymmetrical funnel plot, which shows the 
relationship between the effect estimate and standard error 
(generally, the larger the study size, the smaller the standard 
error), with negative studies seen to be missing on the bot-
tom right of the plot (Fig. 3).

Fig. 1   Forest plot showing results from two trials demonstrating low statistical heterogeneity. This can be observed from overlap of confidence 
intervals and, therefore, a narrow confidence interval overall on random effects analysis (black diamond)

Fig. 2   Forest plot showing results from two trials demonstrating high statistical heterogeneity. This can be observed from lack of overlap of con-
fidence intervals and, therefore, a wide confidence interval overall on random effects analysis (black diamond)
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The incidence of publication bias may be as high as 
50–80% [5]. Although it is important for reviews to evaluate 
for potential publication bias, it is vital that reviews attempt 
to prevent it by searching for unpublished data from clini-
cal trial databases and grey literature searches. However, 
thorough search strategies are only seen in around 20% of 
published reviews. Therefore, if the majority of published 
reviews are based on a set of studies which are susceptible 
to publication bias, then the results from these reviews will 
be biased towards ‘positive’ effects of interventions, which 
may partly explain the poor PPV found in previous studies 
[2, 3]. Similarly, the issue of publication bias may extend to 
reviews themselves, with review authors either not submit-
ting negative reviews or journals less likely to publish them.

Error

One of the benefits of conducting a meta-analysis of smaller 
RCTs is to improve the power of the collected data, help-
ing to identify beneficial interventions which were ‘hidden’ 
within underpowered studies. The classic example of iden-
tifying benefits hidden in underpowered small studies is the 
use of corticosteroids in preterm labour, a forest plot which 
forms the logo of the Cochrane Collaboration. However, 
the conducting of a meta-analysis does not guarantee such 
power is achieved and reviews may remain underpowered 
(shows no significant difference when one exists or type II 
error).

In primary studies, post hoc power calculations can 
be used. However, until recently, no such equivalent was 
commonly used in meta-analysis. Conversely, as the pub-
lication of a new trial in an area presents an opportunity 

to perform another meta-analysis, multiple testing could 
cause type I errors in analyses (shows significant difference 
when one does not exist). These risks led to development of 
trial sequential analysis which can reduce both type I and II 
errors in reviews.

In trial sequential analysis, control for type I error rates 
is performed as each study is added by requiring a greater 
degree of statistical significance early in evidence accrual. 
In addition, it helps calculate the required number of partici-
pants required to provide a result which satisfies a particular 
power (specified by the user), similar to a post hoc power 
calculation in a primary study. In a sample of 50 anaesthe-
sia meta-analyses, only 12% had adequate power (> 80%) 
and only 32% preserved type I error rates (were statistically 
significant after adjustment for multiple comparisons) [6]. 
Such common type I and type II errors will contribute to the 
poor PPV and NPV described above [2, 3].

Risk of bias

Meta-analyses are only as good as the trials they include. 
The ways in which the trials are conducted can lead to bias 
in the overall results of a meta-analysis [4]. Deficiencies in 
trial conduct, such as incomplete blinding, can exaggerate 
the effects of an intervention [4]. Lack of blinding is a par-
ticular problem in surgical studies where great imagination 
and effort is required to ensure subjects and observers are 
blinded to the obvious external signs of the intervention. 
Although it can often be difficult or impossible to blind, this 
does not reduce the bias of lack of blinding which can lead 
to incorrect conclusions.

Although risk of bias assessment is now widely used in 
meta-analyses, excluding high risk of bias trials or adjust-
ing estimates of poor-quality studies [4] is not always per-
formed [7] and readers of meta-analyses need to know to 
look for this assessment and note its findings or the absence 
when deciding how much confidence to put in the findings. 
Solutions to reducing risk of bias in analysis include review 
authors only including trials of the highest quality that score 
low risk for all domains. Although this would drastically 
reduce the number of included studies (and in most cases 
leave none!), it would provide more confidence in the results 
and may improve the predictive ability of meta-analyses.

How do we make the majority 
of meta‑analyses true?

For the many reasons listed above, high-quality evidence 
from systematic reviews (even within the Cochrane Collabo-
ration) may be lower than first thought [8]. Potential solu-
tions previously discussed in this article include, (as a part of 

Fig. 3   Funnel plot showing possible publication bias (imprecise study 
effects) with larger studies towards the top and smaller studies at the 
bottom. With no publication bias, smaller negative studies should 
be present in the bottom right of the plot giving an inverted funnel 
appearance. However, these studies are missing, suggesting possible 
publication bias
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journal requirements for publication): having a search plan 
which includes a thorough search for unpublished studies 
with tenacious pursuit of study authors to provide missing 
data and narrowing inclusion to the highest quality primary 
studies with the acceptance that some reviews may include 
no studies of a high enough quality for inclusion. Trial 
sequential analysis and investigation of heterogeneity should 
be performed and may generate future research hypotheses 
or help identify why the results of studies in a review differ.

Publication bias could be further reduced by journals 
guaranteed publication schemes for primary studies. For 
example, journals could agree to publish studies before 
recruitment of participants if it answers an important clini-
cal question, has rigorous methodology and is adequately 
powered. If completed, the study is published regardless of 
the direction of results. This may help channel resources 
into priority research questions whilst encouraging both 
completion and submission of studies for publication. These 
changes could be tested empirically to identify whether 
PPVs can be improved with the above measures. The chal-
lenge is that until the hegemony of, and preoccupation with, 
impact factor is overcome, all but the most secure journals 
are unlikely to sign up to this, for fear of an obligation to 
publish negative (and hence less cited) results.

Where do we go from here?

There is no doubt that meta-analyses of high-quality RCTs 
(especially individual patient data), not subject to the limita-
tions above, provide high-quality evidence as they help show 
consistency of results across different populations and poten-
tially increase power. Unfortunately, these meta-analyses are 
the exception rather than the rule. However, even meta-anal-
yses of small RCTs can be helpful in generating hypotheses 
by investigating where interventions may be more effective 
[4] but they should be treated with healthy scepticism by 
readers and conclusions tempered by review authors. There 
is a temptation for readers of meta-analysis merely to look 
at the forest plot summative diamond without further quali-
fication of the reliability of the data. One must resist this 
tempting shortcut if one is to draw accurate conclusions, and 
all should be educated in the correct interpretation of such 
a ubiquitous tool.

Meta-analyses may also prompt the conduct of large 
RCTs where an intervention has been identified as poten-
tially beneficial. Only rarely should a meta-analysis result be 
regarded as providing definitive evidence for an intervention, 
rather, it should prompt the conduct of a definitive RCT in 

the area. Ultimately, rather than resources being expended 
on small and underpowered RCTs, research groups and clini-
cal trial networks should aim to collaborate on large multi-
centre trials, free from industry control that are adequately 
powered to definitively answer research questions and avoid 
the limitations of meta-analyses described in this article.
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