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Background

Meta-analyses are widely used to combine the results of clinical studies by
calculating statistics for overall treatment effects. Basically, two different
models exist for meta-analyses. The fixed effects model (FEM) assumes
each study is measuring the same treatment effect 6. Different estimations
for 6 are expected to arise from sampling error only. In contrast, the random
effects model (REM) incorporates an inter-study variation 12, taking
heterogeneous true effects into account [1]. Usually, it is assumed that the
true treatment effects are normally distributed. Although these two
approaches estimate different parameters (true effect vs. expectation of the
distribution of true effects), in practice, the results are represented in the
same way. The point and interval estimation of 6 is commonly drawn in a
forest plot as a diamond, irrespective of the chosen model, e. g., by the
software RevMan [2], which is as a rule used in Cochrane Reviews. The
estimation of the inter-study variation 12 is therefore ignored in the
representation of the results of REMs.

It may be helpful for readers to distinguish between the results of fixed and
random effects models in forest plots.

Objectives

To suggest a graphical approach for including the estimated inter-study
variation into forest plots when representing the results of random effects
meta-analyses.

Methods

Assuming a REM, the effect size 6i of study i is normally distributed with
expectation 6 and inter-study variance t2. In contrast to a FEM, this
approach provides an estimation T of the inter-study variance and hence,
important information about the heterogeneity between the study effect
sizes. Different methods exist for estimating 12 [3]. The DerSimonian & Laird
estimator is used here.

Following the REM, the interval [ 6—1.96%; 6+1.96%] provides an interval in
which about 95% of the true study effects are to be expected. We searched
for a graphical approach to include this interval into forest plots without
impairing the established layout.

Extension of the forest plot

We include two rows for the summary statistics in the forest plot in the case
of REMs: As usual, the row “total expectation (95% CI)” represents the point
and interval estimation for 8. A new row, “total heterogeneity (95% CI)", is
included into the forest plot. This “heterogeneity interval”’, where 95% of the
true study effects are to be expected, represents the amount of
heterogeneity. The following example illustrates the graphical
implementation into forest plots. Figure 1 shows the result of a random
effects meta-analysis of eight studies investigating the effect of amatadine
for preventing influenza [4]. The estimated overall effect measured by the
odds ratio for cases of influenza is 0.34 (95% CI [0.22; 0.53]). However, it is
wrong to conclude that the effect of a newly conducted study will be
observed within an interval of 0.22 and 0.53 with 95% probability. In contrast
to FEM, this interval is just a measure of the precision of the expectation of
the distribution of true effects. It depends heavily on the number of studies
included in the meta-analysis. However, the heterogeneity interval (red
rectangle) delivers information about the distribution of effects. In this
example the results are heterogeneous with 7 = 0.4.

The effect of a new study will be observed within an interval of 0.15 and 0.74
with 95% probability. In contrast to the confidence interval for 0, the width of
this interval does not depend on the number of studies (apart from the
precision of the estimation of the boundaries).

Remark: The heterogeneity interval does not provide any information about
the statistical significance of 6.

Outcome: cases of influenza
Random effects model (DerSimonian&Laird)

Study Treatment Placebo OR Weight OR
n/N n/N 95% Cl % 95% CI

Oker-Blom 1970 16/141  41/152 —— 18.95 0.35 [0.18, 0.65]
Muldoon 1976 1/53 8/52 3.77 0.11 [0.01, 0.88]
Monto 1979 8/136  28/139 —— 14.81 0.25 [0.11,0.57]
Kantor 1980 9/59 9/51 — 11.74 0.84 [0.31,2.31]
Pettersson 1980 32/95 59/97 —— 19.97 0.33 [0.18, 0.59]
Quarles 1981 15/107 20/99 — 16.66 0.64 [0.31,1.34]
Dolin 1982 2/113 27132 e — 6.99 0.07 [0.02, 0.30]
Reuman 1989 31317 5/159 — 71 0.29 [0.07, 1.25]
Total expectation (95% C1)86/1021 197/881 - 100.00 0.34 [0.22,0.53]
Total heterogeneity (95% Cl) — [0.15, 0.74]

0.01 0.10 0.331.003.0010.00  100.00
favours treatment  favours placebo

Heterogeneity: Q=12.44, df=7 (p=0.087), 1>=43.7%
Overall effect: Z Score=-4.84 (p=0.000), tau>=0.160

Fig. 1: Meta-Analysis of eight trials of amantadine for prevention of influenza [4]

Discussion

The investigation of potential heterogeneity is an important task in meta-
analysis. Various measures and statistical tests for heterogeneity have been
suggested in the past years [1,5]. Unfortunately, the commonly used forest
plots do not graphically display any items regarding heterogeneous effects.
Additionally, representing the results of FEMs and REMs in the same way
may lead to the (wrong) impression that both models measure the same
thing.

The implementation of the heterogeneity interval into the graphical
representation of meta-analyses provides additional information about the
variation in treatment effects.

Summary points
The proposed extension of the forest plot may be helpful to

« accurately distinguish the results of meta-analyses with FEMs
and REMs,
« graphically illustrate the amount of heterogeneity.
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