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SUMMARY
It is known that the existence of publication bias can inuence the conclusions of a meta-analysis.
Some methods have been developed to deal with publication bias, but issues remain. One particular
method called ‘trim and ll’ is designed to adjust for publication bias. The method, which is intuitively
appealing and comprehensible by non-statisticians, is based on a simple and popular graphical tool called
the funnel plot. We present a simulation study designed to evaluate the behaviour of this method. Our
results indicate that when the studies are heterogeneous (that is, when they estimate dierent eects),
trim and ll may inappropriately adjust for publication bias where none exists. We found that trim
and ll may spuriously adjust for non-existent bias if (i) the variability among studies causes some
precisely estimated studies to have eects far from the global mean or (ii) an inverse relationship
between treatment ecacy and sample size is introduced by the studies’ a priori power calculations.
The results suggest that the funnel plot itself is inappropriate for heterogeneous meta-analyses. Selection
modelling is an alternative method warranting further study. It performed better than trim and ll in
our simulations, although its frequency of convergence varied, depending on the simulation parameters.
Copyright ? 2003 John Wiley & Sons, Ltd.
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1. INTRODUCTION
It is generally recognized that medical ndings are more likely to be published, and published
sooner, if they achieve statistical signicance [1–4]. The resulting bias may lead to erroneous
conclusions in meta-analysis that could seriously impact clinical practice.
The discussion of potential publication bias is becoming more frequent in published metaanalyses. Among articles that address the issue, there appears to be an increased reliance
on the funnel plot and statistical methods based on it [5–13]. Studies have also used funnel
plot methods to estimate the fraction of meta-analyses in the medical literature aected by
publication bias [14–16]. It is therefore critical to examine the reliability of these methods.
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Figure 1. (a) Funnel plot of a simulated collection of trials with sample size 50–500 and true odds
ratio 0.50. (b) A subset of the previous studies, with selection based on p-value and sample size.
(c) Crosses were added to represent studies imputed by trim and ll.

The funnel plot is a scatter plot of the component studies in a meta-analysis, with the
treatment eect on the horizontal axis, and a weight, such as the inverse standard error, or
sample size, on the vertical axis. Light and Pillemer, originators of the funnel plot, explained,
‘If all studies come from a single underlying population, this graph should look like a funnel,
with the eect sizes homing in on the true underlying value as n increases: : : [If there is
publication bias,] there should be a bite out of the funnel: : :’ [17] (Figures 1(a) and (b)).
Although the simplicity of the funnel plot is appealing, it is not based on an underlying
model that can be tested statistically. Consequently, various statistical methods have been
developed to overcome the subjective visual interpretation of the plot. Rank correlation [18]
and regression [14, 19] detect funnel plot asymmetry and ‘trim and ll’ [20] calculates a
pooled treatment eect that adjusts for bias by imputing studies that make the funnel plot
more symmetric (Figure 1(c)).
Meta-analysts frequently ignore Light’s and Pillemer’s caveat that the studies come from a
single underlying population. For example, Boeta et al. [9] found that the carcinogenic eect
of diesel fuel diers for bus drivers, truck drivers and railroad workers. The authors correctly
pooled the studies separately for the three dierent groups, but to test for publication bias,
they applied a funnel plot regression method [14] to all studies together. In another metaanalysis, Fleischaur et al. [12] found that the protective eect of garlic diered for various
types of cancer, but the funnel plot they used to check for publication bias included results
for all cancers.
A collection of studies is called homogeneous if all studies estimate a single true eect,
heterogeneous if they estimate a range of eects. Figures 2(a) and (b) show two ways heterogeneity can cause asymmetric funnel plots, even in the absence of publication bias. Figure 2(a)
displays a heterogeneous collection of simulated studies, where the mean odds ratio is 0.50.
There is no underlying relation between precision and benet, but some precisely estimated
odds ratios are considerably higher than the global mean, simply due to chance. The simulation in Figure 2(b) assumes that each of the studies has 80 per cent power to detect the true
treatment eect associated with the study. Because the true eects cover a wide range, the
sample size requirements under conditions where the treatment is highly eective are much
Copyright ? 2003 John Wiley & Sons, Ltd.
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Figure 2. (a) Funnel plot of a heterogeneous collection of simulated trials, with true odds ratio
0.50 and no publication bias. (b) Funnel plot of a heterogeneous collection of simulated trials with
mean odds ratio 0.80 and sample size selected for 80 per cent power against the true treatment
eect. There is no publication bias. (c) Funnel plot of the eect of antibiotics on otitis media
[21]. The crosses are studies imputed by trim and ll.

lower than where the treatment has minimal eect. In real meta-analyses, the relationship
is not as extreme as in Figure 2(b), because investigators’ ability to approximate treatment
benet prior to a study depends on the quality and availability of relevant prior research.
An example of funnel plot asymmetry that could have been caused by heterogeneity is
shown in Figure 2(c), which displays 12 studies on the short term benet of antibiotics for
otitis media with eusion [21]. (Funnel plot methods were not used in the original article.)
If the asymmetry were caused by publication bias alone, then the application of trim and ll
would be appropriate, but trim and ll imputed unrealistically high odds ratios in this case
(as high as ten in favour of not treating otitis media with antibiotics), suggesting that the
asymmetry may be due to other causes. Heterogeneity is a plausible explanation (the odds
ratios are heterogeneous by the Q-statistic [22], p¡0:001).
The study presented here is a large simulation study of the impact of heterogeneity on
methods for publication bias. Simulations were needed because the methods can only be evaluated if the true extent of bias is known a priori. We focused on trim and ll [20] because (i)
it has intuitive appeal, (ii) it calculates an adjusted pooled treatment eect (detection methods
only warn that the estimate is suspect), and (iii) it was designed to allow for heterogeneity.
Simulation of the meta-analyses is described in Section 2. Section 3 contains a description
of the trim and ll method and the results of applying trim and ll to the simulated metaanalyses. In Section 4 we explain and show results for selection modelling [23], an adjustment
method that does not use the funnel plot. Section 5 is a discussion of results.

2. SIMULATION MODELS
We used xed eects models to simulate homogeneous meta-analyses (Section 2.1) and random eects models to simulate heterogeneous meta-analyses (Section 2.2). The random eects
Copyright ? 2003 John Wiley & Sons, Ltd.

Statist. Med. 2003; 22:2113–2126

2116

N. TERRIN ET AL.

Table I. Sample size.
Number of studies per meta-analysis

Sample size distribution of the studies
A: 50 to 500, on the log scale∗
B: 100 to 1500, on the log scale∗
C: 100 to 10000, on the log scale∗
P: sample size chosen to attain 80 per cent power†

10 and 25

∗ For meta-analyses with sample size distributions A, B and C, sample size for each study was drawn from the
uniform distribution on log min to log max (for example log 50 to log 500 for distribution A), then exponentiated.
† See Section 2.3.

Table II. Parameters for data drawn from a xed eects model.
Parameter
, the true odds ratio
 C , the true control rate

Value
0.5. 0.8, and 1.0
0.15 and 0.30

Table III. Parameters for data drawn from a random eects model.
Parameter
 C , the mean of Ci
C2 , the variance of Ci
The mean of i
, the slope of the regression of log i on Ci
 2 , the residual variance

Value
0.15 and 0.30
0.005 for  C = 0:15 and 0.02 for  C = 0:30
0.5, 0.8 and 1.0
−2 and 0
0.01 and 0.15

models incorporated the eect of baseline risk on between-study variation. For the heterogeneous meta-analyses, studies were simulated to have either random sample size (Section 2.2)
or sample sizes determined by power calculations (Section 2.3). The results of an extensive
descriptive analysis of a database of 125 meta-analyses from leading journals and the Cochrane
database [24, 25] were used to set the parameters for the simulations. Our aim was to make
the simulated meta-analyses realistic by giving them the characteristics of meta-analyses normally found in practice. The parameters are provided in Tables I, II and III of this section,
and the descriptive analysis is summarized in the Appendix.
At each conguration of the simulation parameters, we simulated 1000 meta-analyses without publication bias. The component studies of the meta-analyses were 2 × 2 tables of treatment group versus outcome, with equal sample sizes for the intervention and control groups.
Table I shows the sample sizes.
2.1. Simulating homogeneous meta-analyses with xed eects models
We chose to simulate the true odds ratio  at three dierent values to represent large, moderate
and no eect of treatment (Table II). We then chose two values for the true outcome rate in
Copyright ? 2003 John Wiley & Sons, Ltd.
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the control group (control rate)  C that frequently occur with the three chosen odds ratios in
real data. The true treatment rate  T is determined by  and  C . The number of events among
the controls in the ith study, YCi , was drawn from a binomial (n;  C ) distribution, where n is
the number of patients per group. The number of events among the treated, YTi , was drawn
from a binomial (n;  T ) distribution. Sample size distributions A, B and C were used for data
drawn using xed eects (see Table I).
2.2. Simulating heterogeneous meta-analyses with random eects models
To simulate the heterogeneous meta-analyses, we used a published model [26] which had
already been applied to the meta-analyses in the empirical database [24]. The model is hierarchical and incorporates the inuence of the control rate on the outcome. It assumes the
true control rate for the ith study, Ci , and the true log-odds ratio i , conditioned on Ci , are
normally distributed. Specically
Ci ∼ N( C ; C2 )
and
log(i |Ci ) ∼ N( + (Ci −  C );  2 )

(1)

The parameter  is the mean log odds ratio at the average control rate  C , C2 represents the
variance of the control rates across studies,  is the slope of the regression of log i on Ci ,
and  2 is the residual variance from the regression. When  is zero, we say there is no control
rate eect, because there is no relation between the true log-odds ratio and the true control
rate, although the sample log-odds ratio and sample control rate may be correlated.
The three values of  and two values of  C used in the simulation of homogeneous metaanalyses were used as the means of i and Ci for the heterogeneous meta-analyses. The 2 × 2
tables were drawn using binomial distributions, as for xed eects. The parameters of the
simulations are displayed in Table III. Sample size distributions A, B and C were used.
2.3. Using power calculations to select sample size
Power considerations frequently play a role in researchers’ decisions about how large a study
should be. Therefore, we did additional simulations where sample size was determined by
requiring 80 per cent power for the two-sided  = 0:05 test of the null hypothesis that the
true odds ratio is 1 against the alternative that the true odds ratio is i . We call this method
of assigning sample size ‘P’. In practice, it is likely that sample size selection is neither
independent of other parameters (as with A, B and C) nor determined by them (as with P),
but is somewhere in between.

3. TRIM AND FILL
3.1. The trim and ll method
The idea behind the trim and ll method [20] of correcting for publication bias is to ll in
the sparse corner of the funnel plot with imputed treatment eect estimates, and then to pool
Copyright ? 2003 John Wiley & Sons, Ltd.
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Table IV. Trim and ll coverage probabilities for typical size heterogeneous
meta-analyses. Standard errors range from 0.007 to 0.012.
Control rate eect

Residual variance

Mean odds ratio
0.5

0.8

1.0

No

Small
Large

0.92
0.83

0.94
0.88

0.92
0.87

Yes

Small
Large

0.94
0.89

0.95
0.87

0.93
0.90

all studies, actual and imputed. If a smaller value favours the treatment, as it does for the
log-odds ratio, the trim and ll method imputes studies on the right side of the funnel plot.
First, the mean treatment eect is estimated using a random eects model. Then the studies
are ranked based on their distance from this estimate. Next the number of unobserved studies
is estimated as L0 = [4Tn − n(n + 1)]=[2n − 1], where Tn is the Wilcoxon statistic and n is
the number of studies. The estimate is rounded up to L+
0 to obtain an integer, and the mean
eect is re-estimated without the L+
0 most extreme studies on the left side of the funnel plot.
All the studies are ranked again, based on their distance from the new estimate, and L+
0
+
is recomputed. Iteration continues until L+
0 stabilizes. Then L0 studies are imputed on the
right side of the plot by reecting the L+
0 studies furthest to the left around the new eect
estimate (Figure 1(c)). Finally, actual and imputed studies are pooled using a random eects
model. For this study we chose L+
0 over other estimators for the number of unobserved studies
because the authors indicated that L+
0 was more robust in their simulations [20].
3.2. Trim and ll results
At each conguration of the simulation parameters, we calculated the coverage probability,
which is the fraction of meta-analyses for which the 95 per cent condence interval for the
log-odds ratio contains the true mean log-odds ratio. Ideally, coverage probabilities should be
0.95. To economize on space, we show results only for meta-analyses that have (i) typical
size: 10 studies and 50 to 500 subjects per study, (ii) large size: 25 studies and 100 to 10000
subjects per study, and (iii) 25 studies and number of subjects chosen to achieve 80 per cent
power. The tables include only the results for mean control rate 0.15, because results with
0.30 were similar.
3.2.1. Homogeneous meta-analyses. The coverage probability for typical size xed eects
meta-analyses was 0.92 for odds ratio 0.5, and 0.95 for odds ratios 0.8 and 1.0. For large
xed eects meta-analyses, the
√ coverage probability was 0.95 for all three odds ratios. The
standard error, calculated as {p(1 − p)=1000}, was 0.007 for coverage probability p = 0:95
and 0.009 for p = 0:92.
3.2.2. Heterogeneous meta-analyses. For typical size heterogeneous meta-analyses with small
residual variance ( 2 = 0:01), the results were similar to results for data generated by a xed
eects model (coverage near 0.95). The coverage probabilities were lower when the residual
variance was large ( 2 = 0:15) (Table IV). For actual meta-analyses,  2 = 0:01 is more typical
Copyright ? 2003 John Wiley & Sons, Ltd.
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Table V. Trim and ll coverage probabilities for large heterogeneous meta-analyses.
Standard errors range from 0.009 to 0.011.
Control rate eect

Residual variance

Mean odds ratio
0.5

0.8

1.0

No

Small
Large

0.92
0.88

0.92
0.86

0.90
0.88

Yes

Small
Large

0.90
0.90

0.89
0.92

0.89
0.90

Table VI. Trim and ll coverage probabilities for heterogeneous
meta-analyses with sample size selected for 80 per cent power.
Standard errors range from 0.010 to 0.016.
Control rate eect

Residual variance

Mean odds ratio
0.5

0.8

No

Small
Large

0.81
0.27

0.42
0.12

Yes

Small
Large

0.62
0.25

0.36
0.14

with larger odds ratios, and  2 = 0:15 is more typical when odds ratios are around 0.5 (see
Appendix). Coverage probabilities for larger meta-analyses are shown in Table V.
When there was no control rate eect, coverage probabilities diered from 0.95 because
(i) trim and ll imputed studies when none was missing, and (ii) the sample log-odds ratios
were not normally distributed. Chance variation also played a role. To see how much of the
dierence between 0.95 and the tabulated probabilities was caused by imputing studies when
none was missing, we compared trim and ll to unadjusted pooling, which was aected by
non-normality, but involved no imputation. When residual variance was large, the drop in
coverage probability from unadjusted pooling to trim and ll was between 0.05 and 0.09 for
typical size meta-analyses and between 0.04 and 0.06 for large meta-analyses. When residual
variance was small, the dierence between the two methods was smaller (less than 0.04 for
typical size meta-analyses, and less than 0.02 for large meta-analyses).
When most of the between-study variation was due to the control rate eect (control rate
eect = yes, residual variance = small), coverage probabilities were low for large meta-analyses,
because estimation did not take the control rate eect into account. Schmid et al. [24] found
that the odds ratio varies signicantly with the control rate about 13 per cent of the time.
3.2.3. Heterogeneous meta-analyses, sample size adequate for 80 per cent power. The results
for meta-analyses generated from the random eects models of Section 2.3 are displayed in
Table VI. Here, sample size for each study was selected to attain 80 per cent power to detect
the true treatment eect associated with the study. See Figure 2(b) for a typical example.
Results are not shown for mean odds ratio 1.0, because researchers would not proceed with
Copyright ? 2003 John Wiley & Sons, Ltd.
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a trial if they believed that the true odds ratio was greater than 1.0 (placebo or standard care
superior to new treatment). Trim and ll did extremely poorly, both because it imputed studies
when none were missing and because the largest weights went to studies with estimates far
from the true mean odds ratio. The lowest coverage probabilities occurred when there was a
large residual variance.
4. SELECTION MODELLING
4.1. The selection model
The selection process is modelled by assigning a weight to the estimated eect from each
study [23]. The premise is that the probability a result is selected for inclusion in a metaanalysis depends only on the p-value. This assumption is not equivalent to the assumption
made by funnel plot methods, that inclusion is based on the magnitude of treatment benet,
unless all studies have the same sample size. Selection methods estimate a pooled eect,
adjusted for selection bias. A random eects model is assumed for the study eects. Each
study’s contribution to the likelihood is a weighted normal density.
There are several selection models in the literature [23, 27–34]. These can be categorized by:
(i) the form of the weight function, which may be parametric or non-parametric; (ii) whether
maximum likelihood or Bayesian estimation is used; (iii) whether covariates are incorporated
in the model. The selection model [23] we chose uses maximum likelihood estimation, a
non-parametric weight function, and does not incorporate covariates. The weight function on
the p-values is a step function with discontinuities determined a priori. Because the number
of studies per meta-analysis was relatively small in the simulations (10 or 25), we allowed
the weight function to have only one cutpoint, at p = 0:05, to optimize the frequency of
convergence for the algorithm. Computer code was made available by Vevea [29].
4.2. Selection model results
The selection model coverage probabilities for large heterogeneous meta-analyses and heterogeneous meta-analyses with sample size adequate for 80 per cent power are shown in
Tables VII and VIII. Results for homogeneous and typical size heterogeneous meta-analyses
are not shown, because in those cases the selection model estimates failed to converge most
of the time. For the parameter congurations in Table VII, convergence occurred 71 to 86 per
cent of the time when the residual variance was small, and over 96 per cent of the time when
Table VII. Selection model coverage probabilities for large heterogeneous
meta-analyses. Standard errors range from 0.008 to 0.011.
Control rate eect

Residual variance

Mean odds ratio
0.5

0.8

1.0

No

Small
Large

0.94
0.92

0.93
0.93

0.94
0.93

Yes

Small
Large

0.88
0.92

0.88
0.93

0.88
0.94
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Table VIII. Selection model coverage probabilities for heterogeneous meta-analyses with sample size selected for 80 per cent
power. Standard errors range from 0.010 to 0.016.
Control rate eect

Residual variance

Mean odds ratio
0.5

0.8

No

small
large

0.94
0.69

0.74
0.79

Yes

small
large

0.84
0.70

0.79
0.82

the residual variance was large. For the parameter congurations in Table VIII, convergence
occurred 81 to 98 per cent of the time, except when the odds ratio was 0.50 and there was no
control rate eect and small residual variance. In that case convergence occurred 58 per cent
of the time. The model’s failure to converge in some cases meant that we could not evaluate
it on all meta-analyses. To address the resulting potential for bias, we compared the trim and
ll coverage probabilities based on all meta-analyses to trim and ll coverage probabilities
based only on those meta-analyses for which selection modelling converged, and found the
dierences were about 0.01. There was one exception, when the odds ratio was 0.50 and there
was no control rate eect and small residual variance. In that case the dierence was 0.03.
This analysis suggests that any bias may be small.
The coverage probabilities for large heterogeneous meta-analyses (Table VII) were generally
higher than those for trim and ll (Table V), especially when there was no control rate eect
and large residual variance. All numbers in Table VII were within 0.02 of the coverage
probabilities for unadjusted pooling (results not shown). As with trim and ll, when most
of the between-study variation was due to the control rate eect, coverage probabilities were
low.
For meta-analyses with sample size selected for 80 per cent power, the selection model
coverage probabilities (Table VIII) were much higher than those for trim and ll (Table VI),
although they were substantially below 0.95. They were also much higher than those for
unadjusted pooling, which gave the largest weights to studies with estimates far from the true
mean odds ratio.

5. DISCUSSION
We found the trim and ll method of adjusting for publication bias spuriously adjusted the
estimate of the global treatment eect when the studies were heterogeneous, if (i) the variability among studies caused some precisely estimated studies to have eects far from the
global mean, simply due to chance, or (ii) an inverse relationship between treatment ecacy
and sample size was introduced by the studies’ a priori power calculations. In the second
case, trim and ll performed extremely poorly. In both cases, performance of trim and ll
was worse with larger random eects variances. The results suggest that the funnel plot itself
is inappropriate for heterogeneous meta-analyses, because funnel plot interpreters may visually ll in the part of the plot where trim and ll imputes studies. Our ndings support the
Copyright ? 2003 John Wiley & Sons, Ltd.
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intention of the originators of the funnel plot that it be used only for studies from a single
underlying population [17].
Selection modelling is another approach to publication bias adjustment which warrants further study. It performed much better than trim and ll in our simulations, although it frequently
failed to converge. There may have been fewer numerical problems if the Newton–Raphson
method in the program we used were replaced by the EM algorithm, or if a parametric weight
function or Bayesian analysis were used. These are questions for further research. The selection model coverage probabilities were low when there was a control rate eect with small
residual variance. Performance may be improved by incorporating the control rate eect in
the selection model. Coverage probabilities were also low when sample size was selected
for 80 per cent power, because in that case the within-study variance depended on the true
treatment eect. This could be dealt with by modelling the within-study variance as a function
of the true treatment eect, instead of assuming it is known.
Heterogeneity is common in meta-analysis [25] and examples can be found in which sample
size decisions made by individual researchers may have led to funnel plot asymmetry. For
example, Linde et al. [35] preferred selection modelling to funnel plot methods in a metaanalysis of homeopathy covering six clinical areas. As the authors explained, ‘Since trials of
more eective treatments need smaller sample sizes, the pattern of [the funnel] plot would
mimic publication bias even when there was none.’ Even when meta-analyses are focused on
a specic clinical hypothesis, there may be considerable heterogeneity, and sample size requirements could vary among studies. For example, in a meta-analysis of the eect of dietary
sodium reduction on blood pressure [36], the funnel plot asymmetry disappeared after controlling for intensity of the intervention [37]. This nding is consistent with researchers expecting
greater benet with more intense interventions, and selecting sample size accordingly.
There are other ways in which heterogeneity can lead to funnel plot asymmetry. Low
quality studies may report exaggerated treatment benet, and may also tend to be small.
Studies of high risk patients, for whom the intervention may be most benecial, may not
be able to enroll many subjects. In either case, an inverse relation between treatment benet
and precision would result, even when there is no publication bias. Selection models which
incorporate covariates could potentially adjust for quality and baseline risk.
The parameters in our simulations were carefully selected to be representative of a large
database of actual meta-analyses. However, we do not know the extent to which sample sizes
are aected by individual researchers’ power calculations. We simulated the two extremes,
where sample size is unrelated to any other characteristic of the study, and where sample
size is determined in every study by the need to have 80 per cent power. In practice, power
calculations may inuence sample size for some studies, but not in a deterministic way.
Funnel plot shape may be inuenced by factors other than publication bias and heterogeneity, including the measures of precision and eect used in the plot, and chance [38, 39].
In this study, we investigated only the impact of heterogeneity.
Our study focused on publication bias adjustment methods. Related results pertaining to
the inuence of heterogeneity on publication bias detection methods can be found in a recent
study [40].
Estimating the number of unpublished studies is another likelihood based approach to handling publication bias [41–43]. We did not deal with it in this paper. A sensitivity approach
to selection modelling has been suggested [44, 45], but because it requires visual inspection
of plots, it was not included in our simulation study.
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In summary, we found that the indiscriminate use of trim and ll, a publication bias method
based on the funnel plot, may lead to spurious adjustment of the pooled estimate in metaanalysis, especially when there is heterogeneity among the individual studies. The results
suggest that the funnel plot itself is inappropriate for heterogeneous meta-analyses. Selection
modelling has the potential to perform better than trim and ll, if diculties with convergence
can be overcome.

APPENDIX: DESCRIPTIVE ANALYSIS OF AN EMPIRICAL DATABASE
OF META-ANALYSES
The simulations were designed to reect a database of 125 actual meta-analyses from seven
major medical journals and the Cochrane database [25].

A1. Choosing the number of studies per meta-analysis
The median number of studies per meta-analysis in the database is ten, and only eight metaanalyses (6.4 per cent) have 25 or more studies.

A2. Choosing sample sizes for the component studies
The rst three rows of Table A1 are represented in the simulations by sample size distributions
A, B and C (see Table I).
A3. Choosing the mean control rate C
The median and interquartile range of the estimated mean control rates for heterogeneous
meta-analyses in our database are displayed in Table A2 for three odds ratio intervals. Metaanalyses were classied as heterogeneous if the p-value for the Q-statistic was less than 0.10.
The three intervals are centred at 0.50, 0.80 and 1.0, the three choices of the mean of the
odds ratio . Both 0.15 and 0.30, our choices for C , are either within or nearly within the
interquartile range of control rate for all three choices of odds ratio.

Table A1. Description of study sample sizes in the actual meta-analyses.
Number of meta-analyses
54 (43%)
40 (32%)
17 (14%)
14 (11%)

Sample size distribution within meta-analysis
All studies have sample size¡500.
More than half of studies have sample size¡500.
At least one study has sample size¿1000.
More than half of studies have sample size¿500.
At least one study has sample size¿1000.
Some studies¿500, but no studies¿1000.
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Table A2. Summary statistics for the mean control rate, by odds ratio interval.
Odds ratio
0.40 to 0.60
0.70 to 0.90
0.90 to 1.10

Median

Interquartile range

0.34
0.11
0.22

0.16 to 0.49
0.09 to 0.27
0.15 to 0.29

Table A3. Summary statistics for control rate variance, by control rate interval.
Control rate

Median

Interquartile range

0.10 to 0.20
0.25 to 0.35

0.008
0.023

0.004 to 0.010
0.022 to 0.024

Table A4. Summary statistics for the slope of the control rate, by odds ratio interval.
Odds ratio
0.40 to 0.60
0.70 to 0.90
0.90 to 1.10

Median
−1:7
0.0
−1:1

Interquartile range
−2:7 to −0:9
−7:8 to 3.1
−1:8 to 0.0

A4. Choosing the variance of the control rate C2
Table A3 shows the medians and interquartile ranges for estimates of the variance of the
control rate in the heterogeneous meta-analyses for two control rate intervals. The two intervals
are centred at 0.15 and 0.30, the choices for  C . The data in the table support our choices of
C2 = 0:005 when  C = 0:15 and C2 = 0:020 when  C = 0:30.
A5. Choosing the slope 
Schmid et al. [24] have shown that the higher the control rate, the greater the treatment eect
for a substantial fraction of meta-analyses. As can be seen from Table A4, the estimated
slope  for regressing the log-odds ratio on control rate has considerable variability. We have
chosen to simulate at  = 0 and  = − 2:0. We chose  = − 2:0 because it is within or nearly
within the interquartile range of the estimated slopes for the three choices of odds ratio, and
 = 0 because it represents no inuence of control rate on the conditional mean odds ratio.
A6. Choosing the residual variance 
Table A5 shows the median and interquartile range for estimates of  2 , the residual variance
of the log-odds ratio. Because of the wide range of possible values for  2 , we have chosen to
simulate at  2 = 0:01 and  2 = 0:15. Although  2 = 0:01 is more typical for larger odds ratios,
and  2 = 0:15 is more typical for odds ratio around 0.5, we use both values of  2 for all three
odds ratio choices, for the purpose of comparison.
Copyright ? 2003 John Wiley & Sons, Ltd.
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Table A5. Summary statistics for the conditional variance of the
log-odds ratio, by odds ratio interval.
Odds ratio
0.40 to 0.60
0.70 to 0.90
0.90 to 1.10

Median
0.152
0.003
0.015

Interquartile range
0.082 to 0.184
0.0005 to 0.015
0.006 to 0.060
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