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COMMENTARY

Meta-analysis without the mantra:
a reply to Wilson and “weighted analysis”
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In 1976, Gene Glass � rst articulated the notion
of meta-analysis as the application of statistical
methods to literature review (Glass, 1976). In its
most essential form, meta-analysis translates
study outcomes into a common metric, a mea-
sure of effect size, and applies statistical methods
to describe and analyze the distribution of these
outcomes (Bangert-Drowns, 1995). Within its
� rst decade, several distinctive approaches to
meta-analysis already had emerged, distinguish-
able in terms of purpose, unit of analysis, treat-
ment of study variation and typical analytical
products (Bangert-Drowns, 1986). A quarter of
a century after the articulation of meta-analysis,
Wilson’s (2000) survey of meta-analysis in re-
search on substance abuse treatment echoes and
extends familiar themes about which meta-ana-
lysts are reaching reasonable consensus. These
include concerns about non-independence of ef-
fect sizes drawn from the same study, strategies
for differentiating constructs in independent and
dependent variables, dissatisfaction with tech-
niques that only combine probabilities without
analyzing variation among studies, questions of
appropriate numbers of studies to constitute a
meta-analysis and ways to represent treatment
effects for various audiences and purposes.

In contrast, Wilson (2000) may impose
premature closure on a complex topic by advo-

cating that effect sizes always be weighted in
accordance with their sampling errors. Indeed,
Wilson (2000) espouses what he calls “the meta-
mantra: all analysis in meta-analysis is weighted
analysis” (p. 427). In this, Wilson (2000) adopts
the well-known procedure of weighting effect
sizes by the inverse of their squared standard
errors (Hedges & Olkin, 1985) and advocates its
universal application in meta-analysis.

His exclusive advocacy of weighting led
Wilson to disparage speci� c meta-analyses that
used alternative analytical methods. For exam-
ple, he judged all the signi� cance tests of our
meta-analysis on remedial interventions for
drink/drive offenders (Wells-Parker et al., 1995a)
to be invalid, implying that the conclusions of
our research are jeopardized; but this exclusive
advocacy of weighted analyses ignores problems
associated with weighting and with parametric
testing in meta-analysis more generally. Here we
highlight some of those neglected problems and
our rationale for using unweighted analysis.

Because the sampling error of an effect size is
a function of the sample size of the study from
which it is drawn, weighting by the inverse of an
effect size’s variance gives studies with larger
sample sizes greater in� uence in any subsequent
analysis. On � rst blush, giving greater credence
to larger studies might seem reasonable. Bear in

Correspondence to: Robert Bangert-Drowns, ED 110, State University of New York at Albany, 1400 Washington
Avenue, Albany, New York 12222, USA.

Submitted 14th February 2001; initial review completed 19th February 2001; � nal version accepted 19th February
2001.

ISSN 0965–2140 print/ISSN 1360–0443 online/01/070981–05 Ó Society for the Study of Addiction to Alcohol and Other Drugs

Carfax Publishing, Taylor & Francis Limited

DOI: 10.1080/09652140120053020



982 Commentary

mind, however, that larger samples do not
guarantee a more accurate measure of a “true”
treatment effect. By chance, a large-sample study
may make a poorer measure of a population
parameter than a study with fewer subjects. All
things being equal, larger samples are preferred
because they make precise estimation more
likely, but precision is not a necessary conse-
quence of larger samples in any given instance.

More importantly, all things are rarely equal
among studies, even replications, on a given
topic. There is no reason to believe that a study
of remedial treatment for driving-under-the-
in� uence (DUI) offenders with 5000 subjects
will be necessarily “better” than a study with
1000, or 500 or 100 subjects. Studies vary on
numerous dimensions in addition to sample size,
and a thoughtful reviewer may value the conclu-
sions of even a small study if it meets other
important criteria. For example, it is not dif� cult
to imagine that larger studies might be more
poorly controlled than smaller studies because
data might be collected inconsistently over dif-
ferent sites, or extensive treatment implementa-
tions might be of dubious � delity with planned
intervention, or researchers might be more
in� uenced by funding pressures and political
interests. Similarly, it is possible that one study
might implement a more intensive or theoreti-
cally consistent intervention than another;
should the former necessarily be given less
weight if its sample size is smaller than the latter?

Even though treatment characteristics and
methodological qualities may be just as import-
ant as sample size, if not more so, in determining
the value of a particular study � nding, important
study characteristics are often invisible to the
meta-analyst because they go unreported in the
original documents. In our meta-analysis of DUI
intervention, we paid extraordinary attention to
the investigation of study quality (Wells-Parker et
al., 1995a; Bangert-Drowns, Wells-Parker &
Chevillard, 1997). Our efforts to measure re-
search quality were hampered by the absence of
important information in original documents
and restricted range of several important
methodological characteristics when they were
reported.

The potentially negative consequence of
weighting effect sizes by within-study sampling
error is more likely to occur in cases where the
range of sample sizes is quite large. For example,
in our analysis of recidivism effects for DUI

remedial interventions (Wells-Parker et al.,
1995a), study sample sizes range from 60 to over
150 000 subjects. Obviously, weighting study ef-
fect sizes by their inverse variances could give
considerable advantage to very large studies with
thousands of subjects. In such a group of studies,
information from the larger studies could over-
whelm information drawn from the smaller ones
in subsequent averages and analyses, diminishing
the potentially important contributions of
� ndings from smaller studies.

We are not the only meta-analysts to recognize
the potential distortion that can be produced by
weighting effect sizes from very large studies.
Lipsey (1994), in his meta-analysis of juvenile
delinquency treatment effects, Windsorized his
sample sizes at 300 per treatment group “to
prevent a few very large studies from dominating
the results” (p. 96). He was concerned with
study samples that ranged from 10 to 1000
subjects (median in the range of 101–150 sub-
jects), much smaller than the samples in our
studies.

In his discussion of strategies for the analysis
of variation among study effect sizes, Wilson
(2000) again follows the pioneering work of
Hedges & Olkin (1985) and advocates the ho-
mogeneity statistic, Q. In essence, Q is dis-
tributed as a chi-square and represents a
comparison of variation among effect sizes to
what might be expected from their sampling
error. What happens to Q when the sample sizes
in the studies are large? Hedges & Olkin warn,
“When the sample sizes are very large, …rather
small differences [among effect sizes] may lead
to large values of the test statistic” (p. 123). The
authors do not de� ne “small” and “large” but do
refer to samples of 10 or more subjects per group
as “moderate-sized” (p. 124). In Wells-Parker et
al. (1995a), the median sample size for studies
that reported recidivism effects was 1145, with
correspondingly low sampling errors. Among the
studies judged to be of suf� cient quality for
detailed analysis, only � ve studies of recidivism
effects had samples less than 200, and in our
� nal regressions we included only studies judged
to be of suf� cient quality and possessing more
than 100 subjects. Needless to say, in such a
case, the Q statistic will be large simply as a
consequence of the typically large samples; in
fact, we calculated a Q of 10 836. When we
Windsorized sample sizes to 300 per comparison
group (although the consequences of Windsoriz-
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ing in Q values is unexplored, especially Wind-
sorizing to a value lower than the median), the Q
statistic was still 883. When we removed studies
of poorer quality and Windsorized the sample
sizes, the Q statistic was 60. All of these values
would have been statistically signi� cant and sug-
gested enormous heterogeneity, but it is unclear
from the Q statistic alone if the heterogeneity
re� ected much more of practical importance
than variation in sample size.

Wilson (2000) expresses surprise (p. 423) that
not all meta-analyses employ “advanced” meta-
analytical method, such as weighted analyses
with tests of homogeneity. He contends that all
of the signi� cance levels reported in Wells-
Parker et al. (1995a) are invalid because they are
based on unweighted least-squares regression,
but the above discussion should show that
weighted regression is not a panacea, and there is
considerable literature that has suggested caveats
with and alternatives to weighted analyses. For
example, Hedges & Stock (1983), in a reanalysis
of data originally examined using conventional
statistics, found that weighted analyses largely
reproduced the � ndings of the conventional
analysis. Hedges (1986) noted that weighting by
sampling error requires special adjustments for
different study designs, such as matched sam-
ples, pre-/post-testing and analysis of covariance,
adjustments that are rarely employed. Kulik &
Kulik (1989) showed that conventional, un-
weighted analysis of variance of effect sizes was a
better analog to analysis of variance of raw data
from six studies than was weighted analysis of
effect sizes using homogeneity testing. They ar-
gue that “within-study variance [employed in
homogeneity testing] is not the appropriate vari-
ance to use to test the signi� cance of a group
factor when studies are a random factor nested
within groups” (p. 250).

Hunter & Schmidt (1990) have been pointed
in their critique of homogeneity testing. “No
other method of meta-analysis is built so
squarely on the quicksand foundation of
signi� cance testing” (p. 483). They complain
that homogeneity testing only attends to sam-
pling error, not the host of other artifactual
sources of variance that can add error to an
effect size. They fear that its emphasis on statisti-
cal testing will distract the meta-analysis from
attending to the actual distributions of effect
sizes and the theoretical constructs that might
describe their variation. They reiterate their con-

cerns in Hunter & Schmidt (1994) and complain
that “As long as there are uncorrected artifacts,
… uncorrected artifactual variance will cause the
chi-square test [homogeneity tests using the Q
statistic] to reject the null hypothesis even when
the unattentuated [effect sizes] are identical”
(p. 335).

Of course, a more general concern can be
raised about the validity of any inferential statis-
tics, weighted or unweighted, assuming � xed or
random effects, in meta-analysis. Inferential
statistics generally assume random sampling and
assignment to conditions. Sampling and assign-
ment are never random in meta-analysis at either
the level of subjects or studies. It is unclear to
what populations of persons or studies valid gen-
eralizations are to be made. In part because of
this lack of speci� cation in population, Rubin
(1990, 1992, 1993) complained that most meta-
analysis is “literature synthesis”, whose infer-
ences about the characteristics of a poorly
de� ned population is distorted by generalization
from a limited set of treatment and methodolog-
ical factors. He suggested that meta-analysis turn
instead to extrapolating response surfaces, at-
tempting to best estimate the relationship of
effect size and an explicit range of scienti� cally
relevant treatment factors under hypothesized
“ideal” methodological conditions. Glass (1991)
praised this altered conception of meta-analysis:
“Meta-analysis should be conceptualized as
building and extrapolating response surfaces, not
as surveying the literature. The literature, pub-
lished or not, on any topic is a huge unbalanced
survey; coding it, measuring it, and describing it
statistically can result in little more than a de-
scription of research customs and habits”
(p. 1142). (Glass (1999) recently reiterated his
praise of Rubin’s suggestion and argued that
meta-analysis should be replaced with Internet-
accessible archives of raw data to allow ideal
estimation of “complex data landscapes”.)

In our opinion, meta-analysis as literature re-
view is an enormously useful, but primarily ex-
ploratory tool. Its expanded perspective, explicit
method and synthetic analysis can address ques-
tions that any individual study cannot. However,
there are numerous factors that operate against
the use of meta-analysis to derive precise mea-
sures of treatment effects. Meta-analysis is fun-
damentally dependent on authors of primary
research and publication and archiving processes
to allow a transparent view of the research enter-
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prise. However, even if research reports were
transparent, the research enterprise is biased by
all sorts of political, � nancial and scienti� c fac-
tors. Publication and archiving processes can
further cull available data, and authors them-
selves introduce, through error or omission, in-
accuracies into the scienti� c record. Even in the
impossible case of comprehensive, errorless and
unbiased primary research and dissemination,
the meta-analytical process is fraught with hu-
man judgement. What data resources to search,
what studies to include, what characteristics to
code for analysis, how effect sizes are calculated
and how effect sizes are analyzed and interpreted
are uncertain decisions about which any two
reviewers may disagree (Bangert-Drowns, 1997).
Current forms of meta-analysis are most useful
for explicitly exploring patterns in an extant cor-
pus and for suggesting areas of relative consen-
sus and debate to policy makers and researchers
(Wells-Parker et al., 1995b).

We consciously decided to use conventional
(“unweighted”) statistics in Wells-Parker et al.
(1995a) for several reasons. First, there are the
various dif� culties in applying weighted analyses
and homogeneity testing to studies of varied and
typically large sample sizes, as outlined above.
Secondly, unweighted analyses give every effect
size equal value, regardless of sample size. Given
unknown differences in characteristics of various
studies with no clear evidence that characteristics
were related to sample size, equal weight to each
study is not an unreasonable analytic strategy.
Thirdly, unweighted analyses have the advantage
of being more transparent for readers; � ndings
are clearly related to variation in the magnitude
in effect size and not clouded by differences in
sample size. Fourthly, compared to analyses
weighted by the sampling errors of each effect
size, unweighted analyses are likely to be more
conservative, indicating fewer signi� cant
� ndings, not more. If there is error, the error is
likely to be to claim too little.

Although Wilson (2000) may � nd our
signi� cance tests invalid, we think the question
of weighted or unweighted analyses (or the use
of inferential statistics in general) in meta-analy-
sis is something about which reasonable people
can disagree, and unweighted analyses have ad-
vantages to recommend them. We also feel
con� dent that our essential � ndings in Wells-
Parker et al. (1995a) are robust: that DUI reme-
diation effects are typically small but probably

underestimated in the literature and that com-
bined treatments are likely to be most helpful in
reducing DUI recidivism. In light of these issues,
we suggest that mantras are unnecessary in the
conduct of meta-analysis, which is better served
by thoughtful examination of the nature of the
data in hand.
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