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Commentary

Publication Policy or Publication Bias?
Graham Byrnes, Lyle Gurrin, James Dowty, and John L. Hopper
Centre for Genetic Epidemiology, The University of Melbourne, Carlton, Victoria, Australia

Although ‘‘a large number of studies have appeared in the
literature that report associations of low penetrance genetic
variants with disease,’’ as suggested in the recent CEBP editorial (1), hardly any of these reports have been translated into
solid results by replication studies, at least for the common
cancers. To some extent this is inevitable, as false-positive
associations are an inherent part of science. Because the great
majority of tested hypotheses will be unfounded, false positives
will outnumber correct findings in the literature (2).
Large-scale genotyping is likely to compound these problems
in the same way RNA microarrays have done in laboratory
studies. The true type 1 error rate in most genetic association
studies is far higher than 5% due to data dredging. This is in
spite of the development of new techniques developed to limit
false discovery (3, 4) that were not referenced in the editorial (1).
This situation will only be compounded by giving license to the
rampant multiple testing of interactions: why scan only 100,000
single nucleotide polymorphisms for association when 5 billion
pairwise interactions can be tested for the same cost?
This throws greater responsibility onto scientific journals to
select which reports should be published; see Altman’s editorial
about ‘‘The scandal of poor medical research’’ written more
than 10 years ago (5). The editors have bravely tried to build a
foundation for publication choice on three bases: (a) rigorous
review of statistical and laboratory methods; (b) encouraging
replication studies by prioritizing their publication; and (c)
encouraging the investigation of hypotheses with greater prior
probability of verification.
The first two of these deserve applause: we do not need any
more low-powered studies reporting results that are entirely
consistent with the null hypothesis once properly adjusted for
multiple comparisons. The recognition of the fallibility of
genotyping and the need for detailed reporting of quality
control is also timely.
The third is a mixed bag. Selecting hypotheses for testing
according to a variety of current information is simple common
sense. However, the editors also state ‘‘it is likely that. . .genes
do not act alone but interact with other genes or biomarkers,’’
without any supporting references. This may be true, but is it
relevant? Are we such clever scientists that we can posit
interactions from our understanding of cellular pathways, then
test the hypotheses? By declaring that ‘‘priority will be given to
studies that consider biologically plausible interactions of
multiple genes in a pathway as well as interactions of
environmental exposures with genetic variants that are
involved in the metabolism of those exposures,’’ the importance
of interactions may become falsely established as fact through
publication bias.
Cellular pathways are far from understood. Information on
current databases such as KEGG can be based on as little as

observed coexpression in RNA microarray assays (6). It seems
likely that these laboratory data-derived resources carry as great
a proportion of false-positive association as the genetic
epidemiology literature. Environmental exposures are also
problematic: the editors note that many are poorly measured
if observed at all. In many cases, this is unavoidable. For
example, exposure to infectious disease (including subclinical
infection) may play a role in the development of type 1
diabetes. Even with the benefit of large-scale experimental
breeding, plant geneticists struggle to discover beneficial
gene-environment interactions (7). Meanwhile, many diseases
may be explained, at least in part, by the simple additive
effect of several rare but highly penetrant alleles. In all cases,
the suggestion by Cordell (8) and others to first consider
main effects is compelling.
Solutions have been proposed in other fields: the CONSORT
statement (9) aims to ‘‘encourage(s) transparency with reporting of the methods and results so that reports of RCTs can be
interpreted readily and accurately.’’ There is also an international registry of Randomized Controlled Trials, the Standard
Randomized Controlled Trial Number, to guard against post
hoc hypothesis ‘‘discovery.’’ Lodging of data from multiple
studies by collaborating groups, followed by planned, impartial
statistical analysis, can allow the truth to emerge from the data
(10). Rather than defining a niche for the Journal as a publisher
of interaction reports, would it be more profitable to concentrate
on methods to ensure more rigorous review and to enhance
sharing and pooling of data?
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