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Abstract

Background and Objectives: Meta-analyses sometimes summarize results in the presence of substantial unexplained between-study
heterogeneity. As GRADE criteria highlight, unexplained heterogeneity reduces certainty in the evidence, resulting in limited confidence in
average effect estimates. The aim of this paper is to provide a new clinically useful approach to estimating an intervention effect in light of

unexplained heterogeneity.

Methods: We used a random-effects model to estimate the distribution of an intervention-effect across various groups of patients given
data derived from meta-analysis. The model provides a distribution of the probabilities of various possible effects in a new group of pa-
tients. We examined how our method influenced the conclusions of two meta-analyses.

Results: In one example, our method illustrated that evidence from a meta-analysis did not support authors’ highly publicized conclu-
sion that hypericum is as effective as other antidepressants. In the second example, our method provided insight into a subgroup analysis of
the effect of ribavirin in hepatitis C, demonstrating clear important benefit in one subgroup but not in others.

Conclusion: Analysing the distribution of an intervention-effect in random-effects models may enable clinicians to improve their un-
derstanding of the probability of particular-intervention effects in a new population. © 2018 Elsevier Inc. All rights reserved.
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1. Introduction

Meta-analyses of randomized controlled trials (RCTs)
play an important role in clinical decision-making [1,2].
Frequently, however, results vary across studies, and at-
tempts to explain variation by subgroup analysis often fail
[2—10]. As GRADE criteria highlight, unexplained hetero-
geneity reduces certainty in evidence [ 1 1]. Hence, clinicians
may not know the extent to which an estimated mean effect
applies to a specific group of patients. To address this prob-
lem, statisticians have suggested taking into account the esti-
mated effect in 95% of the population [12]. However, this
approach is likely to yield very wide confidence intervals
(CIs) that clinicians will find uninformative.

To provide a more clinically useful method to deal with
unexplained heterogeneity, we suggest presenting the entire
distribution of the heterogeneous effect. Doing so may
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What is New?

Key findings

e Assessing the distribution of an intervention effect
across the RCTs in the meta-analysis can provide
estimates of the probable distribution of effects in
new groups of patients who are candidates for
the interventions of interest.

What this adds to what was known?

e The concept is original, and the article provides a
detailed analysis for computing and presenting
the confidence-intervals of the distribution of the
effect.

What is the implication and what should change

now?

e Systematic review authors should consider use of
this method to help clinicians to better estimate
the expected effect in a new group of patients.

enrich clinical judgment, for clinicians would not need to
assume that the expected effect in a new group of patients
is the mean effect, with some level of uncertainty. Rather,
they would be able to estimate the probability of a range
of possible effects in a new group of patients. In the
following, we present the essentials of the suggested
approach and provide clinical examples showing how our
method may enhance clinical decision-making.

2. Methods

The Supplement presents a detailed description of our
method. Our goal was to describe the distribution of rela-
tive effects estimated by meta-analyses of RCTs comparing
two interventions on dichotomous outcomes. We used a
random-effects model with the assumption that the distribu-
tion of the relative risk (RR) across various groups of pa-
tients is normal with unknown mean w and variance 7°.
We used maximum likelihood estimation (MLE) to derive
a bivariate statistic (a function of the data, 4 and 7). Using
this MLE, we constructed the 95% ClIs for u, 7, and then
calculated the cumulative distribution function (CDF) of
the relative risk. The CDF provides a distribution of the
probabilities of various possible RRs, given results of the
meta-analysis. Data were analyzed using R.

3. Results
3.1. Clinical example—A

A Cochrane review examines the effectiveness of hyper-
icum (St. John’s wart) extracts for treating major depression

[13]. The authors’ primary conclusion was that hypericum
is as effective as other antidepressants. Observers consid-
ered this finding sufficiently important that the review
was included in the Top Ten List of Cochrane Reviews
[14]. The primary meta-analysis of the review (18 RCTs,
3064 participants) suggests that, compared to placebo, hy-
pericum increases by 17.4% the response rates (defined
by reduction in depression in standard measurement instru-
ments) in patients with major depression (RR = 1.48,
Closq, 1.23 to 1.77, DerSimonian-Laird random-effects
model). Nevertheless, the analysis revealed substantial het-
erogeneity (I> = 75%), even after subgroup exploration.

Consider this review in relation to another Cochrane re-
view that examines the effect of amitriptyline—a “‘bench-
mark” antidepressant—for major depression [15]. The
main meta-analysis (31 RCTs, 3228 participants) reveals
that amitriptyline increases the likelihood of response
comparing to placebo by 22.2% (RR = 1.66, Clysq, 1.51
to 1.81, DerSimonian-Laird random-effects model). In
contrast to the hypericum evidence, the effect of amitripty-
line was largely consistent across studies (I> = 9%).

These results may give the impression that amitriptyline
and hypericum have similar effect—indeed, this was the
conclusion of the authors of the hypericum study. What,
however, is the difference in the inconsistency of results in
the two data sets? To clarify the clinical significance of the
difference, we present the distribution of the RRs, in superi-
ority/inferiority plots (Fig. 1). These plots are derivatives of
the CDF plots of the RR. The x axis represents values of the
RR, and the y-axis the associated probabilities. The plots
provide the probability that the RR would be smaller than
1 (red line, with 95% CI in brighter red) or above 1 (green
line, 95% CI in brighter green). By examining the values
on the left side of the plot (left of the line RR = 1), clini-
cians can deduce the probabilities that the drug is less effec-
tive than placebo (i.e., the RR is truly <1). By examining
the values on the right side, they can assess the probability
that the drug is more effective than the comparator.

As shown by the red curve in Fig. 1A, the probability
that hypericum is not superior to placebo is 13.7% [Clyse,
of 1.3% to 40.2%]. In contrast, the probability that amitrip-
tyline is superior to placebo (Fig. 1B) is 100% [Clgsq, of
97.5% to 100%]. Clinicians can therefore be quite confident
that amitriptyline will be effective, whatever the patient
population to whom it is offered. The same is not, however,
true of hypericum, in which the probability that it is inferior
to placebo may be as much as 40% (the upper boundary of
the CI around that probability).

The hypericum review provides a further meta-analysis
in which reviewers have compared hypericum to traditional
antidepressants. The meta-analysis did not reveal a signifi-
cant difference in the response rates (RR = 0.96, Clysq,
0.88 to 1.05 DerSimonian-Laird random-effects model),
which led the authors to conclude that hypericum extracts
are similarly effective as other antidepressants. However,
the results once again showed substantial inconsistency
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Superiority/Inferiority plot: Hypericum/amitriptyline for major depression
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Fig. 1. Superiority/inferiority plot: hypericum/amitriptyline for major depression. Response rate of (A) hypericum vs placebo and (B) amitriptyline vs

(* = 42.5%), raising questions about the confidence one
can place in this conclusion.

Fig. 2 reveals that the probability that hypericum is less
effective than other antidepressants (RR < 1) is 65.2%
[Clyse, of 0 to 100%], and that it is maybe substantially less
effective. For example, the upper boundary of the Clgsq, sug-
gests that the probability of RR < 0.8 may be as high as
31.4%. There is, however, also a substantial probability that

hypericum is more effective than other antidepressants. In
any case, the conclusion that hypericum is similarly effective
as other antidepressants is over simplistic, and perhaps frankly
misleading. The more accurate conclusion is that the effect of
hypericum relative to other antidepressants in a new popula-
tion, or a new patient, is uncertain. Given the proven effective-
ness of other antidepressants, risk-averse patients are likely to
choose the medication in which they can be more confident.

3.2. A second clinical example

A Cochrane review has examined the impact of adding

50
Efficacy/Harm (RR)

reduction). The results showed, however, high variability
across studies (I = 83%). To address the heterogeneity,
the authors explored the possible impact of ribavirin on
subgroups that differed according to previous response to
viral therapy: patients naive to antiviral treatment (naive),
patients who had relapses after responding to prior therapy
(relapsers), and patients who did not respond to previous
antiviral treatment (nonresponders). The authors reported
that ribavirin was beneficial in all three groups, but the
magnitude of the benefit differed: naive patients—absolute
effect of 24.7%, RR 0.72, Closq, 0.68 to 0.75, I* = 34%;
relapsers—absolute effect of 36.6% RR 0.62, Clysq, 0.54
to 0.70, )& 57%; nonresponders—absolute effect of
13.7%, RR 0.89, Clysg, 0.84 to 0.93, I* = 63%. A test of
interaction demonstrated that adding ribavirin was signifi-
cantly more beneficial in naive (P < 0.0001) and relapsers
(P < 0.0001) compared to nonresponders (16).
Although, the subgroup analysis explains some of the
variability, considerable heterogeneity remains in each of

ribavirin to interferon for patients with chronic hepatitis
C [16]. The main meta-analysis (60 RCTs, 9146 patients)
showed that compared to placebo, ribavirin significantly re-
duces the probability of failing to achieve sustained viro-
logical response (the RR of failure to achieve such a

response was 0.75, Clgsq, 0.71 to 0.79, DerSimonian-
Laird random-effects model,

absolute effect of 24%

the three subgroups as reflected in the I* statistics. Given
the high rates of adverse effects, the uncertainty in these
positive findings may still lead clinicians to wonder
whether they should recommend ribavirin. To assist clinical
decision-making, we present the distribution of the RRs, in
superiority/inferiority plots (Fig. 3).

Fig. 3 shows that the probability that ribavirin is more
effective than placebo (RR < 1) varies across the three
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Superiority/Inferiority plot: Hypericum vs. other anti-depressants for major depression
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Fig. 2. Superiority/inferiority plot: hypericum vs other antidepressants for major depression. Response rate of hypericum vs other antidepressants.

RR, relative risk.

groups. It is virtually certain that ribavirin is effective for
naive patients (probability of 100% with Closq, of 98.8%
to 100%); the effect is less certain for relapsers (probability
of 100% with Clgsq, of 86.3% to 100%) and even less
certain for nonresponders (probability of 94.2% with
Clysq, of 73.4% to 100%). Moreover, clinicians can expect
a substantial effect in naive patients, but a substantial effect
is less certain for relapsers and unlikely for nonresponders.
For example, the probability of RR < 0.8 is still 100% for
naive patients (Closq, of 72.8% to 100%) and 96.6% (Clysq,
of 63.3% to 100%) for relapsers, but only 5.3% (Clgsq, of
0 to 30.1%) for nonresponders. This assessment helps
inform whether, in the face of side effects, fully informed
patients will choose or decline ribavirin. One might expect
that naive patients would usually or always choose the
drug, but prior nonresponders who place a low value on a
small likelihood of benefit are likely to decline.

4. Discussion

Although GRADE specifies that inconsistency reduces
the certainty associated with a body of evidence, how clini-
cians should deal with this uncertainty in the clinical
decision-making arena remains open to question. The
approach we are suggesting provides additional information

beyond traditional presentations of meta-analysis results
that can usefully inform clinical decisions in the face of
studies with disparate findings.

To optimally estimate intervention effects, researchers
need to address both imprecision and inconsistency. The
CI around the estimated mean effect addresses imprecision,
but in fixed effect models does not address inconsistency at
all, and in random-effects models addresses it only
partially. Referring to our first example, the comparisons
of hypericum and amitriptyline to placebo yield similar
CIs using D-L random effects, but the amitriptyline effect
is consistent, whereas the hypericum effect is not.

To help clinicians understand the degree of inconsis-
tency, researchers present the I° statistic. I* has, however,
many limitations: when data are sparse, I may be low
despite inconsistent results, and when there is a great deal
of data, /> may be large in the face of unimportant
between-study variability. Moreover, the I* depends on
the mean effect (see the Supplement). Finally, the clinical
significance of the I statistics depends on the intervention
effect. The I* statistics on the ribavirin example suggest
moderate inconsistency for both relapsers and nonre-
sponders. The implications of this inconsistency, however,
differ markedly for the two groups: it casts serious doubt
on use of the drug for nonresponders, but not for relapsers.
Our superiority/inferiority plots that yield the distribution
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Superiority/Inferiority plot: Ribavirin+interferon Vs. interferon+placebo
failure of sustained virological response
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Fig. 3. Superiority/inferiority plot: ribavirin + interferon vs interferon + placebo. Failure of sustained virological response of (A) naive patients, (B)

relapsers, and (C) nonresponders. RR, relative risk.

of probable effects in a new population effectively highlight
the different implications and provide a quantitative method
for assessing the implications of inconsistency for clinical
decision-making.

Our inferential framework builds on the standard theory
for the random-effects model [17], according to which the
intervention effect may differ across studies, and one can
view the RR in a new treatment group as independently
sampled from the random-effects model. Higgins et al.
[18] have already suggested this notion, but while these au-
thors consider a full Bayesian model in which u and 7 are
fitted a prior distribution, we use the normal likelihood to
construct a confidence region for the RR. Our analysis,
hence, is frequentist and does not rely on the Bayesian
requirement for establishing priors.

Our approach has limitations. First, it is designed solely
for cases in which standard methods for explaining hetero-
geneity (e.g., control-rate metaregression [19]) fail. Second,
our model is based on the assumption that the results of in-
dividual RCTs included in meta-analyses are independent
and randomly distributed, which is not always the case
[18].

In summary, inconsistency across studies is a serious
concern in systematic reviews of randomized trials,
decreasing certainty in the evidence. Estimating the average

effect using random-effects models, by widening CIs, cap-
tures some but not all of the additional uncertainty.
Analyzing both the standard deviation and the mean effect
in random-effects models may enable clinicians to improve
their understanding of the distribution of probability of
particular intervention effects in a new population. The
method thus is a practical and rational method for facili-
tating optimal clinical decision-making in light of unex-
plained heterogeneity.
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