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The curse of dimensionality, a term often used to refer to interpre-
tational difficulties that result from using high-dimensional data, is
common to all omic fields. Exposomics—where new technologies
(e.g., using omics, geospatial information, and sensors) are being
developed rapidly to study exposures at scale—is no exception.
The resulting large and rich data sets allow us to move from purely
hypothesis-driven research toward more discovery-based studies
where multiple exposures, either singly or in combination, are
tested for association with a health phenotype. Unfortunately, such
broad exploration of possible associations comes at a considerable
price: multiplicity. The issue of multiplicity is not new, and over
time several statistical approaches have been suggested that
include either the use of more stringent p-value cutoffs or correct-
ing the p-values for multiple comparisons.1,2 Although these
approaches provide opportunities for controlling false-positive
error rates, they, too, come at a cost: reduced sensitivity and lower
statistical power to detect true positives. So is there a better way
forward?

My colleagues and I previously wrote about using biological
information in mapping the exposome to health.3 We argued that
one could take a pragmatic view as to which exposures to priori-
tize in an exposome study, namely: a) the ones we are exposed
to and are therefore detectable in the body, and b) the ones that
we know can induce biological effects. Including biological
knowledge in our exposome-health analyses can be achieved in
multiple ways. One technological solution is to perform biology-
based measurements by characterizing the molecular interaction
between an exposure and a functional biomolecule. After adding
a biofluid to a microwell plate coated with a receptor with a
known function, any captured biologically active ligand can be
extracted and characterized chemically.3 Another avenue is to
include relevant prior biological knowledge and associated prob-
abilities (“priors”) in the statistical analyses.

The paper byNakiwala et al. in the current issue ofEnvironmental
Health Perspectives is an example of this second approach.4 They
combined information on adverse outcome pathways (AOPs)
with results from in vitro high-throughput screening assays in
the ToxCast/Tox21 database to preselect detectable exposures
thought to be relevant to thyroid hormone homeostasis. This
resulted in reducing the number of exposures under considera-
tion from 16 to 13 bioactive chemicals. Although the drop in
numbers turned out to be marginal for their specific application,
this is likely at least partly due to the more limited set of

chemicals (from only two chemical classes) that they consid-
ered. When using broad chemical screens across many chemical
classes, the reduction is likely to be much more substantial.

Nakiwala et al. used the biological knowledge as a prior and
argued there was no need for multiple testing correction of the
p-values they chose for calling out significance. Including biolog-
ical priors in exposome (wide) analyses makes a concrete inroad
into biology-informed (i.e., functional) exposomics and may help
to improve the trade-off between sensitivity and false-positive
rates. However, even though Nakiwala et al. did not describe
their prior in large detail and included it only indirectly in their
analyses, this prior should still be subject to the same critical
evaluation and discussion as one would do with priors used in a
more formal (i.e., Bayesian) analysis. To better understand the
utility of the approach proposed by Nakiwala et al., we thus need
to ask two questions: How informative (strong) is this prior? And
does it seem to be compatible with the observed data, that is, is it
appropriate?

So how strong is the prior? By arguing that no multiple test-
ing correction was needed given prior biological information,
Nakiwala et al. implicitly awarded exposures for which they have
this information a 16- to 96-fold (16 exposures and 6 end points)
higher probability of selection over that of exposures for which this
information was not available or that tested negative—assuming
they would have otherwise used a Bonferroni correction and
depending on whether the scope of the correction was outcome-
wide or not. This seems a rather strong prior and even more so
because it was also used to completely exclude chemicals from fur-
ther analyses.

Is this prior appropriate? Assuming the study was adequately
powered, one would expect that any false null hypothesis would be
rejected with a probability of ∼ 80%. However, of the 78 p-values
reported in their Table 6 for dose–response relationships between
all 13 selected exposures and 6 thyroid outcomes, only 3 passed the
conventional threshold of p<0:05 for calling significance. This
number is well within the range that one would expect under the
complete null, whichwould suggest that either the prior was overly
optimistic or the studywas underpowered even after using the prior
information.

Although the paper by Nakiwala et al. does not provide for-
mal statistical proof that the prior they used, based on in vitro
assays and AOPs, informed the presented epidemiological analy-
ses (i.e., more precise estimates of the dose–response or increased
certainty on the presence or absence of associations), it is an im-
portant paper. It sparks a discussion on how to a) construct
informative priors and what evidence bases can be used for this,
b) integrate priors more formally in the statistical analyses, and
c) properly evaluate the results of biologically informed models.
We now tend to rely too often on post hoc reasoning, where we
search for a biological explanation after having obtained the
results of statistical tests. This process is prone to overinterpreta-
tion. However, using a prior without evaluating its impact on the
analysis or whether it is appropriate runs the risk of the same
overinterpretation.

The roadmap for how to best integrate biological information in
exposome studies has not been written yet. It is evident, however,
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that there is an urgent need for such a roadmap so as to improve in-
ference and reproducibility of exposome studies. In this we need to
have a pluralistic perspective exploring technical, experimental, and
statistical solutions alike. As in many other areas in life, the road is
likely to be slow, with a fair number of twists and turns. But wemust
start this journey ifwe are to learn important lessons.
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