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Conceptual development in science is based on the
ability to synthesise bodies of often scattered and het-
erogeneous research findings. The development of
meta-analytical techniques during the last two decades
has provided science with powerful tools aiding such
synthesis (Light and Pillemer 1984, Hedges and Olkin
1985, Rosenthal 1991, Cooper and Hedges 1994). Com-
pared to the more traditional qualitative and narrative
reviews, meta-analytical techniques offer quantitative
and objective methods for reviewing literature and are
therefore considered to be superior. This superiority is
evidenced by the increasing frequency with which meta-
analytical approach is adopted across different fields of
science (Arnqvist and Wooster 1995, Moller and Jen-
nions 2001).

The main objective of a meta-analysis is to provide
an estimate of the true effect based on studies that are
available. To obtain this estimate, different test statis-
tics or significance levels are transformed into a com-
mon currency called effect size. After necessary
transformations, an overall effect size may be calcu-
lated and the general significance of the studied phe-
nomenon can be statistically tested (Rosenthal 1991,
Cooper and Hedges 1994). The large set of statistical
procedures available in meta-analytical techniques
makes it a flexible and powerful tool that considerably
enhances the quality and interpretative value of any
research synthesis.

However, meta-analysis is not without its weak-
nesses. Already the early advocates of the technique
recognised problems associated with it and called for
self-critical use of meta-analysis (Leviton and Cook
1981). The major problem, common to all reviews, is
that published studies may not be representative of
studies that have, in fact, been conducted (Sterling
1959, Greenwald 1975, Coursol and Wagner 1986,
Easterbrook et al. 1991, Greenland 1994, Csada et al.
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1996). For meta-analysis, there exists an extensive liter-
ature on the effects that selective publication or publi-
cation bias may have on the estimates of effect sizes,
and on how these biases may be reduced or removed
(Rosenthal 1979, Light and Pillemer 1984, Begg and
Berlin 1988, Iyengar and Greenhouse 1988, Hunter and
Schmidt 1990, Dear and Begg 1992, Hedges 1992, Begg
and Mazumdar 1994, Cooper and Hedges 1994, Vevea
and Hedges 1995, Gleser and Olkin 1996, Cleary and
Casella 1997, Egger et al. 1997, Copas 1998, Duvall and
Tweedie 2000, Song et al. 2000).

One recommended method for detecting publication
bias is to construct a funnel plot (Light and Pillemer
1984, Begg 1994, Vevea and Hedges 1995, Palmer 1999,
Duvall and Tweedie 2000, Palmer 2000, Mgller and
Jennions 2001). The funnel plot is constructed by plot-
ting effect size against the corresponding sample size.
The plot is named after the funnel shape of the scatter
that is caused by the statistical properties of the vari-
ance about the true mean; as sample size decreases, the
variance around the true mean increases due to sam-
pling error (Light and Pillemer 1984). The funnel plot
has an underlying assumption that effect size is inde-
pendent of sample size, and any deviation from the
funnel shape results from publication bias or some
other bias, such as retrieval bias. Bias may be suspected
if a correlation exists between the effect size and sample
size (Light and Pillemer 1984). In recent ecological and
evolutionary literature the use of a funnel plot with
meta-analysis has gained increasing popularity (Gure-
vitch et al. 1992, Arnqvist et al. 1996, Gontard-Danek
and Mpller 1999, Moller 1999, Palmer 1999, Thornhill
et al. 1999, Vollestad et al. 1999, Palmer 2000).

The objective of our commentary is to highlight one
problem associated with significance testing of the over-
all effect size derived from meta-analysis; we suggest
that when publication bias exists, meta-analysis cannot
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fail to provide an effect size significantly different from
Zero.

In the ecological literature only 8.6% of published
studies (n=1201 papers from 43 biological journals)
statistically testing the main hypothesis presented non-
significant results (Csada et al. 1996). Almost identical
results (9% of studies) have been found in a review of
psychological literature (Smart 1964) and several find-
ings of similar magnitude have been made in medical
literature (Song et al. 2000). There is also more statisti-
cally significant results in the literature than would be
expected by chance (Palmer 2000). Moreover, there is
an alarming tendency in current and popular evolution-
ary ideas to go through a significant shift in the magni-
tude of their effect sizes in relation to year of
publication (Alatalo et al. 1997, Gontard-Danek and
Moller 1999, Moller and Alatalo 1999, Simmons et al.
1999). One explanation for year effects is that in the
early phase of a scientific discovery, the enthusiasm to
find supportive results inevitably leads to publication
bias; supportive studies get accepted more easily result-
ing in an overestimate of the true effect size. However,
as the discipline matures and scientific rigour settles in,
reported effect sizes shift closer to the true effect size
(Kuhn 1996, Alatalo et al. 1997, Simmons et al. 1999).

If only 9% of studies that were actually performed
(rather than reported) find non-significant results
(Csada et al. 1996), then the true effect sizes for most
hypotheses must be close to one. In reality, however,
the reported overall effect sizes for any hypothesis in
ecology and evolution rarely exceed 0.3 (measured as
Pearson’s correlation coefficient r) (Arnqvist et al.
1996, Leung and Forbes 1996, Mgoller and Thornhill
1997, 1998, Moller 1999, Mpller and Alatalo 1999,
Palmer 1999, Vollestad et al. 1999, Moller and Jennions
2001). Although difficult, several studies have obtained
direct evidence for publication bias. By conducting
surveys of the probability of investigators submitting a
study for publication (Greenwald 1975, Coursol and
Wagner 1986, Dickersin et al. 1987), following up co-
horts of registered studies (Easterbrook et al. 1991,
Dickersin et al. 1992, Dickersin 1997) and by compar-
ing unpublished with published results (Smart 1964,
Smith 1980, Simes 1986) it has been found that studies
finding statistically significant effect sizes are systemati-
cally more often published than studies not finding
significant effects. Thus, we may be confident that the
above facts reveal extensive publication bias.

If we accept that there is extensive publication bias, it
seems evident that there is no possibility for a meta-
analysis to fail. This is because, if only about 9% of
published work reports non-significant results (Csada et
al. 1996), it follows that when an overall effect size
from this data set is calculated, a meta-analysis cannot
fail to find a significant effect. This is evident from a
simple exercise. Let us assume that there is a new idea
that is not true (i.e. has a true effect size of zero).
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However, because of publication bias, only 9% of stud-
ies report non-significant results. Therefore if the new
idea attracted 10 publications, on average 9 of them
would be significant (to be conservative we use the just
significant two-tailed probability level 0.05 correspond-
ing to Z=1.96) and 1 would be non-significant (two-
tailed probability level 1.00 corresponding to Z = 0.00).
If we assume that all tests had the same methods and
sample size we do not need weighting, but the probabil-
ities may be combined straightforward as sum of Z’s
divided by the square root of the number of studies
(Rosenthal 1991). This measure will be distributed as Z
and in our hypothetical case the combined probability
level of these studies is < 0.001 (Z = 5.58). This exer-
cise clearly demonstrates that when publication bias
exists, meta-analysis cannot fail to find a significant
result.

In conclusion, publication bias should always be
tested for as a part of every meta-analysis, and where
bias is detected, further analysis and interpretation
should only be undertaken with extreme caution. This
is because, where bias exists and cannot be accounted
for, the overall effect size will be an overestimate of the
true effect size. In such cases, testing for the significance
of the effect size is pointless and the estimate of the
effect size should only be used as an estimate of the
upper limit of the true effect size. However, we empha-
sise that where publication bias has been shown not to
exist, meta-analysis remains a useful statistical ap-
proach. Meta-analytic techniques may be used as a
powerful tool to analyse the results of multiple experi-
ments within a study, and also in other cases, where
one can be sure that there is no publication bias.
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